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With healthcare organizations struggling to remain competitive and financially stable in a 
market where minimizing costs is a priority, hospital administrators feel the sense of urgency 
when it comes to keeping patients satisfied with services in order to expand volume and market 
share.  The Emergency Department is considered the front door of a healthcare organization, and 
keeping its visitors satisfied in order to guarantee a future visit or a referral to a friend or family 
member is a must.  
While patient input on the services received in a healthcare facility is essential to 
improving quality of care, the costs associated with measuring, collecting and analyzing their 
feedback are remarkable.  This research focuses on developing a linear regression model to 
predict patient satisfaction in the ED using surrogate measures related to patient’s socio-
demographic characteristics and visit characteristics.  With a model of this kind, healthcare 
administrators can potentially eliminate survey costs while still being able to determine where 
the hospital stands in the eyes of the patient. 
Three modeling approaches were used to develop a multiple regression equation.  
Modeling approach 1 used monthly patient satisfaction scores as the dependent variable collected 
by a third-party survey organization.  The goal of this model was to predict monthly patient 
satisfaction scores.  Modeling approach 2 used patient satisfaction scores collected by the 
discharge registrar prior to the patient leaving the ED.  The goal of this model was to predict 
patient satisfaction scores on a patient-by-patient basis.  Modeling approach 3 used patient 
satisfaction scores collected by a third-party survey organization.  The goal of this modeling 
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approach was to predict patient satisfaction scores on a patient-by-patient basis.  Each modeling 
approach developed in this study used its own survey tool. 
Though this study had limitations when it came to developing the models and validating 
the findings, results are very promising.  Analysis shows that predicting average patient 
satisfaction scores on a monthly basis gives the most accurate results, with socio-demographic 
characteristics and visit characteristics explaining 96% of variation in monthly average patient 
satisfaction scores.  Other model indicators, such as normality of residuals, predicted error, mean 
square error, and predicted R-square show that the model fits the data very well and has strong 
predictive ability.  Models that attempted to predict patient satisfaction on a patient-by-patient 
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CHAPTER ONE: INTRODUCTION 
As the United States moves toward a restructuring of its health care system, quality has 
become an important issue to be addressed (Bowers et al, 1994).  The rapid growth of this sector 
has been accompanied by dramatic changes in the environment, challenging health care 
managers and administrators to find alternative ways of surviving on the market (Andaleeb, 
1998).  Cost containment pressures, growing patient consumerism, physician over-supply, and 
competition have changed the practice of medicine from a seller’s market to a buyer’s market 
(Bopp, 1990).   
In the past, hospitals focused on evaluating quality of care according to internally 
established standards (Hall et al., 1997).  Today, patient satisfaction with medical care is 
considered critical to institutional survival (Rhee et al., 1996).   
  The emergency department (ED) represents a financial lifeline and marketing 
mechanism for many hospitals and is one of the top revenue contributors to many facilities.  The 
ED accounts for 25 to 50 percent of admissions (Hall et al., 1996) and 5 percent of total revenue 
(Karpiel, 2000) in most hospitals.  The department generates another 40 to 50 percent of hospital 
revenue indirectly through inpatient days, ancillary services, surgical procedures, and supplies 
billable to patients (Karpiel, 2000).  One inpatient admission from the ED per day, gained or lost, 
can make a difference of at least $3.65 million in annual gross revenue (Karpiel, 2000).   
As Karpiel (2000) stated, “the first impression of the hospital for many patients and their 
family members is formed in the ED, and first impressions are lasting.”  Strong effort should be 
made to please a patient during his ED visit; however, knowing to what extent the patient is 
pleased and being able to identify fluctuations in patient satisfaction scores is a must when it 
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comes to retaining current patients and attracting new ones.  Knowing where the hospital stands 
in the eyes of the patient is a crucial piece of information hospitals should focus on having.   
The number of patient satisfaction studies in the ED is remarkable.  This area of research 
has been widely investigated, and many measures and methods have been developed for its 
assessment.  Efforts usually involve the modeling of overall satisfaction as a function of multiple 
discrete aspects of the medical encounter.  The critical challenge of researchers, however, is to 
determine which attributes are significant in predicting overall patient satisfaction, along with an 
accurate methodology to measure them. 
Mailed and telephone surveys seem to be the most common tool used to gather patient’s 
detailed input related to his overall satisfaction.  Both survey types are exposed to poor 
instructions and vague, generalized, and unclear questions.  Poor response rates can also lead to 
increased sampling errors and improper representation of the hospital’s population, and the 
timing of the survey might lead to inaccurate measures of satisfaction, with patients who are 
surveyed immediately after or several months after discharge expressing higher levels of 
satisfaction than those surveyed within a few weeks (Aharony et al., 1997). 
Mailed surveys have many uncontrollable factors that might influence a patient’s 
likelihood of responding.  Inaccurate and incomplete mailing lists, patients moving to new 
addresses, or a simple disinterest in correctly filling out or even returning the questionnaire can 
significantly impact response rate (Ford et al., 1997).  Research has also shown that, due to the 
time lag following the hospital visit, the patient might not remember details or be biased by more 
recent hospital experiences. 
In addition, while mailed surveys are generally less costly than other survey techniques, 
they are still expensive when survey development, questionnaire validation, and the expense of 
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data analysis are taken into consideration.  Questionnaires can range in cost from $1,000 to 
$15,000 to develop and analyze, while printing, postage, and generating a list of patients only 
add to the overall costs (Ford et al., 1997). 
Telephone surveys also have potential for bias, since the patient has verbal contact with 
the interviewer (Aharony et al., 1993).  This technique, like the mailed survey, requires the 
patient to remember details of the visit, along with possibly feeling pressured to provide an 
answer in a quick manner, since they are in contact with another human being.  According to 
Ford et al. (1997), “interviews that last more than 15 minutes are likely to wear out the 
interviewer’s welcome and responses become less reliable and valid.”   Also, because the 
interviewer is trying to reach the patient at home, he might feel his privacy is being violated.  
Aharony et al. (1993) have found through research that the most successful telephone interviews 
are those conducted during evening and weekend hours, when calls have the greatest probability 
of reaching a representative group of patients that reach a valid sample size.  Rhee et al. (1996) 
also emphasized that having those who accompanied the patient answer the telephone survey is a 
source of bias, since the patient might have viewed the visit from a different perspective. 
Telephone surveys can be relatively expensive.  Ford et al. (1997) estimate that 
interviewers typically receive $20 to $50 for each completed interview, and that, by completion 
of analysis and delivery of results, costs can range from $8,000 to $16,000. 
Collecting patient’s subjective input is an expensive, time-consuming process, and results 
are not always accurate due to the methodology used to gather patient opinions, along with 
samples that are not representative of the hospital’s ED population.  It is proposed that surrogate 
measures be used to create a model to predict the overall patient satisfaction in the Emergency 
Department.  Surrogate variables of interest in this study will include, but will not be limited to: 
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• Overall average length of stay (ALOS) in the ED; 
• Total time spent in the waiting area; 
• Number of patient complaints related to the ED; 
• Number of ED re-admissions within 24 hours; 
• Number of ED re-admissions within 48 hours; 
• Patient age; 
• Patient gender; 
• Patient financial class; 
• Patient acuity. 
 
Some authors have considered some of the variables listed above as part of their research 
in predicting patient satisfaction.  Huang et al. (2004) tracked the number of incomplete 
laboratory tests and the average monthly inappropriate return rates in his approach to improve 
ED performance.  However, the researchers’ approach was neither able to quantify nor predict 
patient satisfaction.  Mayer et al. (1998) also considered number of complaints and compliments 
in his study completed in the ED, but both attributes were monitored as an outcome, since the 
number of complaints decreased while the number of compliments increased as a result of 
customer service training.  There is no research on the impact of number of patient re-admissions 
within 24 or 48 hours on patient satisfaction.  No research has been done on using a model with 
surrogate measures to quantify overall patient satisfaction in the ED.   
The majority of the hospitals already collect data on the surrogate measures listed above 
through ED patient tracking systems.  These variables are objective, quantifiable, and will not 
require sampling, since data can be easily abstracted from the system.  Moreover, the variables 
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listed above paint a more accurate picture of a patient’s visit to the ED.  Is it really necessary to 
contact a patient to obtain his input on satisfaction, when he was sitting in the waiting room for 
four hours while suffering from great discomfort?  Does it really justify asking the patient what 
his perceptions of quality of services was if he was re-admitted to the hospital within 24 hours of  
the first visit, due to improper diagnosis?  Is it really required to bother a patient in the evening to 
have him complete a lengthy telephone survey, when he already submitted a complaint letter to 
the hospital, disappointed about its service?  The data is already available.  It is screaming 
silently.  It is also hypothesized that demographics might play a role when it comes to how 
satisfied a patient might feel.  There is a possibility that a certain gender or race tends to be more 
satisfied than another.  Hospitals collect an immense amount of statistics on strong indicators of 
patient satisfaction; yet healthcare managers fail to recognize them as the voice of the customer.  
The proposed model of this study, while using these facts related to a patient’s visit to the ED, 
indirectly measures patients’ perception and feelings towards their overall satisfaction with the 
visit, without the use of surveys, interviews, or sampling techniques.  The model plans on using 
data that is already being collected and readily available to be analyzed, eliminating costs related 
to survey construction, conduction, and analysis.  The same approach, when validated, can be 
used on an inpatient or a patient who visited the hospital for an ancillary service. 
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CHAPTER TWO: LITERATURE REVIEW 
Review of the literature shows that there is extensive investigation related to predicting 
patient satisfaction in the ED; however, studies show contradictory findings.  Disagreements 
might come from the sample used in each study or the criteria used to determine the heavy 
predictors of customer satisfaction.  The sampling and analysis techniques also varied greatly, 
with some authors conducting telephone interviews and using a linear model approach to predict 
overall patient satisfaction, and other authors using a mailed questionnaire and using a non-linear 
methodology to determine the significant predictors of satisfaction.  In some instances, the 
sample size was not big enough to represent the population under study, and variable definitions 
were not always clear and occasionally missing.   
It is also true that not one single model analyzed for the purpose of this dissertation 
included all the potential variables that predict patient satisfaction.  Boudreaux et al. (2000) 
stated that creating a comprehensive model that assesses patient satisfaction is not achievable.  
That leads to the possibility of excluding variables that are significant and therefore giving 
priority and importance to attributes that are not as important in measuring patient satisfaction in 
the ED. 
 The purpose of this literature review, however, is neither to verify researchers’ 
appropriateness of data analysis techniques nor to judge the validity of their findings; the intent 
is to investigate which variables have been considered by researchers to be a possible predictor 
of patient satisfaction, along with showing that a model that is fully made up of surrogate 
measures previously mentioned has not been researched.  Several attributes have been measured 
and analyzed to determine whether their presence or magnitude has an impact on overall patient 
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satisfaction not only in the ED but in healthcare as a whole.  Other healthcare services were 
included in this research in hopes of possibly discovering other variables that might have an 




Waiting time was repeatedly mentioned in the research papers; however, the definition of 
waiting time varied from author to author and was occasionally not clear.  Also, findings related 
to this variable were contradictory, which can be due to the poor definition of the variable or the 
sample being studied.  For better understanding of findings, Dansky et al. (1997) definitions of 
waiting time will be partially used for proper definition and clarification of findings: 
1. Time spent in the waiting room:  begins when patient is sent to the waiting 
area and ends when patient enters the treatment room 
2. Time spent waiting in the treatment room:  begins when patient enters the 
treatment room and ends when physician enters the treatment room 
3. Total time spent waiting to see the physician:  begins when patient enters the 
waiting area and ends when physician enters the treatment room 
4. Total length of stay:  begins when patient enters the waiting area and ends 
when patient leaves the ED 
Researchers also show that waiting time has two dimensions:  perceived waiting time and 
actual waiting time (Thompson et. al, 1996).   Perceived waiting time can be defined as whether 
the waiting time meets, exceeds, or fails patient’s expectations. For better understanding of 
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research, Dansky et al.’s definitions of waiting time described above will be used to summarize 
research related to perceived waiting time. 
 
Actual Waiting Time 
There is a clear disagreement among authors on the significance of actual waiting time on 
overall patient satisfaction.  While some authors suggest that total length of stay or a portion of it 
has an impact on overall satisfaction, other authors suggest that not actual waiting times but 
perceived waiting times are reflective of patient satisfaction.  This notion will be further 
discussed in the next section of this document. 
Hall et al. (1996) found that time spent in the waiting room, along with time spent 
waiting in the treatment room, are predictors of patient satisfaction in the ED.  Dansky et al. 
(1997) suggest that total time spent waiting for the physician was the most significant predictor 
of patient satisfaction.  Bowers et al. (1994) suggest that time spent in the waiting room alone 
and time spent waiting in the treatment room do not impact patient satisfaction; it is a 
combination of both (total time spent waiting to see the physician) that has a significant impact 
on overall patient satisfaction.  Thompson et al. (1996) agree that time spent in the waiting room 
is not a predictor of patient satisfaction in the ED, and they also believe that total length of stay 
in the ED is not significant.   Mayer et al. (1998) and Sun et al. (2000), also agree that patient 
satisfaction is independent of patient’s total ED length of stay, while Boudreaux et al. (2000) 
found a weak relationship between this variable and satisfaction.   However, Mayer’s study is 
misleading.  He states that customer service training was responsible for a decreased number of 
patient complaints and an increase in patient compliments, where the decreased number of 
complaints consisted of a 50 percent reduction in complaints regarding waiting times. 
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Spaite et al. (2002) describe an effort to decrease total length of stay in the ED in hopes 
of increasing patient satisfaction.  There was a major addition of staff and process re-design.  The 
re-structuring led to a significant increase in patient satisfaction and a 92% decrease in patients 
who left without being treated (LWBT).  Moreover, patients reported better satisfaction scores in 
regards to overall care and courtesy, which were not directly re-designed or looked at by upper 
management.  This could have been the results of either one or a combination of the following:  
a) Hawthorne effect, since upper management was often discussing issues with the staff; b) the 
decreased stress due to the additional staff improved staff attitude; c) the additional staff had 
better patient satisfaction skills. 
 
Perceived Waiting Time 
A number of researchers agree that the actual waiting time is not what is important from a 
patient’s perspective, but how the waiting time is perceived when compared to his expectations 
(Yarnold et al., 1998) and how it is managed (Dansky et al., 1997). 
Mowen et al. (1993) proved that patients who believed they were told the time spent in 
the waiting room in the ED had higher satisfaction scores than those who did not.  Dansky et al. 
(1997) also agree that informing patients how long their wait will be is a significant predictor of 
patient satisfaction, although they fail to determine which portion of the waiting time the finding 
is applicable to.  Sun et al. (2000) succeeded in validating Mowen’s theory, but his definition of 
waiting time was also not included in his study. Naumann et al. (2001) supported the same 
statement through their studies in the ED, but also failed to specify which portion of the waiting 
time they were referring to.   
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Telling the patient an estimated waiting time, regardless of what portion of waiting time 
one is referring to, can lead to problems.  Mowen et al. (1993) warned that setting false 
expectations regarding waiting time can decrease patient satisfaction scores, since patients will 
set false expectations.   
The notion of keeping patients occupied in the waiting room is also mentioned.  Dansky 
et al. (1997) suggest that keeping patients occupied also increases patient satisfaction.  Naumann 
(2001) also agrees that the extent to which patients are kept occupied while waiting in the ED 
will be positively related to patients’ satisfaction perceptions.  
Research also shows that satisfaction is a function of meeting or exceeding patient’s 
expectations (Mowen et al., 1993).  If waiting time meets or exceeds patient’s expected waiting 
time, the patient will be satisfied.  Mowen et al. (1993) show that those patients who waited more 
than the “expected” waiting time in the ED had significantly lower satisfaction scores than those 
patients who were within or below the expected waiting time.  Brown et al. (2005) also stated 
that patients rated perception of waiting time to receive treatment as an important predictor of 
patient satisfaction in the ED.  Their definition of waiting time, however, is not clear. 
 
Perceived Quality of Staff 
How the patient perceives and judges the physician and nursing staff is considered a 
significant predictor of patient satisfaction.  Patient satisfaction is believed to be strongly linked 
to customer service in the ED, and improving this aspect of quality of care can increase market 
competition (Mayer et al., 1998).  This section of the paper discusses what service, nursing, and 




Research done on patient satisfaction in the ED shows that staff technical skills are an 
important factor in quality of care (Rhee et al., 1996).  Though Bowers et al. (1994) did not find 
knowledge and personnel skill to be a significant factor in patient satisfaction, many authors tend 
to disagree.  Bopp (1990) describes in his research how the words “talented”, “expert”, 
“accomplished”, and “practiced” were chosen by patients as physician’s valuable characteristics.  
He believes, however, that patients cannot judge an ED on skills and technical knowledge.  
There is a belief that satisfaction is not associated with the quality of medical care received, but 
with the patient’s perception and judgment of skills (Di Paula, 2002).  Bopp (1990) also states 
that competence is judged by patients through their perceptions of the provider’s interpersonal 
skills.  Hall et al. (1996) further support the same theory by showing a strong correlation between 
the variables “technical skills of nurses” and “staff cared about you as a person” in the ED.  
Mayer et al. (1998) believe that patients rate the quality of care and the skill of the nurse based 
on the customer service interaction, and Brown et al. (2005) showed that perceived technical 
skills is a predictor of patient satisfaction in the ED. 
Since research shows that patients base their opinion on technical skill and competence 
on the staff’s qualitative attributes, it is important to analyze what subjective characteristics are 
most important in healthcare delivery.   
 
Staff Care 
There appears to be a strong relationship between the degree to which a patient perceives 
that the staff cares about the patient and overall patient satisfaction in the ED (Boudreaux et al., 
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2000).  It is important to the patient to have individualized attention, and human involvement in 
the service situation, with emotions approaching love for him (Bowers, et al. 1994). 
Research has shown a unanimous agreement when it comes to the impact of physician 
care on patient satisfaction.  Patient ratings in expressive quality are an important variable to 
consider when measuring patient satisfaction in the ED (Yarnold et al., 1998).  Mowen et al. 
(1993) found a significant value of physician’s trust, understanding of needs, and personal 
attention on overall satisfaction in the ED.  Hall et al. (1996) state that taking the patient 
seriously can appear to be essential to satisfaction with ED physicians. Otani et al. (2003) 
suggest that physician kindness and caring, personal attention, and availability of the physician 
when needed are of significant importance to the patient.  Brown et al. (2005) later supported the 
patient-physician interpersonal interaction to be important in patient satisfaction in the ED. 
Both nurse and physician interactions have a significant impact on overall patient 
satisfaction in the ED, but it appears that nurse interactions are the most important to the patient, 
possibly because there is a higher interaction between nurses and patient, since they are the direct 
line of care (Di Paula et al., 2002).  Allowing patients to express their concerns to a nurse who is 
attentive, compassionate, and understanding may help improve patient’s satisfaction (Naumann 
et al., 2001).  Hall et al. (1996) found in their research that nursing and general staff (not 
including physicians) constitute the most important factor in the ED.  Otani et al. (2003) were 
able to generalize the same theory to a hospital as a whole. 
 
Communication 
Keeping patients informed appears to be a significant factor in satisfaction (Bowers et al. 
1994).  Distinct dimensions of communication have been proven to be important in quality of 
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care in the ED, such as discharge instructions (Hall et al., 1996, Boudreaux et al., 2000, and Sun 
et al., 2000) and telling the patient when to resume normal activities or when to return to the ED 
(Sun et al., 2000). Mowen et al. (1993) did not find that letting the ED patient know the reason 
for any delays was an important attribute of patient satisfaction; however, Hall et al. (1996) 
disagree by showing a correlation between the variable and satisfaction, and further explaining 
that ED patients might feel that they are taken seriously if a staff member explains the reason 
behind their waiting.  It is also believed that providing the patient with an explanation of test 
results and procedures is an important predictor of satisfaction in the ED (Yarnold et al., 1998, 
Mayer et al., 1998, and Sun et al., 2000). 
 
Socio-demographic Characteristics 
Socio-demographic characteristics were also mentioned by several authors, with results 
being contradictory in terms of their significance in predicting overall patient satisfaction.  
Though these variables cannot be controlled, being more informed about the relative tendencies 
of certain patients to be less satisfied might help healthcare providers and administrators better 




There is some disagreement when it comes to age being a predictor of satisfaction in the 
ED. While some researchers do not find this variable to be significant, other authors believe that 
older patients show higher satisfaction, while younger patients show lower satisfaction scores. 
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Hall et al. (1996), Thompson et al. (1996), Yarnold et al. (1998), and Boudreaux et al. 
(2000) did not find age to be a significant factor in predicting patient satisfaction in the ED, 
while Sun et al. (2000) and Pink et al. (2003) suggest that older patients tend to be more 
satisfied, even though the first study was completed in the ED, while the second study is 
applicable to a hospital as a whole.  Tucker (2002) also suggests that younger patients tend to be 
less satisfied with their hospital visit in a military health care facility. 
 
Race 
Literature shows inconsistency in race as a predictor of patient satisfaction.  Sun et al. 
(2000) state that African-Americans significantly predicted less satisfaction in the ED, while 
Tucker (2002) suggests that race is deemed of no consequence to satisfaction in a military health 
care facility.  Haviland et al. (2005) found that African-Americans, Asian or Pacific Islanders, 
and Hispanic patients tend to be less satisfied with their medical care. 
 
Gender 
There is extensive disagreement when it comes to the impact of gender on overall patient 
satisfaction.  Most authors tend to agree it is not a significant variable, while researchers who see 
significance disagree in which gender tends to be more satisfied.  Mowen et al. (1993), 
Thompson et al. (1996), Yarnold et al. (1998), and Boudreaux et al. (2000) did not find gender to 
be a significant determinant of ED patient satisfaction.  Tucker (2002) agreed with the same 
theory, but his study was completed in a military facility.  Hall et al. (1996) state that there is a 
belief that males tend to report lower scores in the ED when they do participate in surveys.  
Haviland et al. (2005) also prove that males tend to be less satisfied with healthcare services.  
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Pink et al. (2003), however, state that research has found that men tend to be more satisfied with 
their hospital visit than women. 
 
Marital Status 




Visit characteristics, which are discussed below, consist of attributes related to the 
patient’s stay in a health care establishment.  These are also uncontrollable measures, but 
understanding them might lead to better understanding fluctuations in patient satisfaction and 
understanding differences in patient satisfaction among different facilities.  Some authors listed 




Researchers that included patient acuity in their study agree in their findings.  Mayer et 
al. (1998) think that patients with higher levels of acuity in the ED are more satisfied and less 
likely to complain.  Boudreaux et al. (2004) agree and believe that patients in a higher acuity 
level may be more satisfied with their ED visit because they receive greater interpersonal 




Other Visit Characteristics 
Thompson et al. (1996) and Yarnold et al. (1998) did not consider insurance type, time of 
visit, or arrival mode to be a significant predictor of patient satisfaction in the ED.  Boudreaux et 
al. (2000), however, state that insurance status is related to likelihood of a patient recommending 
in the ED.  Yarnold et al. (1998) also did not see the impact on whether or not the patient was 
admitted as an inpatient having an impact on the overall satisfaction score. 
 
Hospital Characteristics 
Hospital characteristics, which are listed and discussed below, have been mentioned in 
research as variables that might affect overall patient satisfaction.  Studies also show 
disagreement on findings. 
 
ED Census 
The common belief among emergency staff is that higher census and busier EDs are 
naturally going to produce less satisfied patients.  In Boudreaux et al.’s (2000) study, however, 
ED census showed no relation to satisfaction, which agrees with Mowe et al.’s (1993) finding 
that crowding in the ED does not correlate with satisfaction.  One detail not mentioned in either 
one of the studies is whether additional staff was used to run the ED when census was higher.  
That might have possibly alleviated an increase in time spent in the waiting room and total length 
of stay.  Hall et al. (1996) did not see any correlation between the number of patient visits and 
overall patient satisfaction in the ED, but Sun et al. (2000) found in their studies that increasing 




Some disagreement was found when doing research on the effect of hospital size on 
overall satisfaction.  Pink et al. (2003) suggest that hospital size was found to yield lower overall 
patient satisfaction, with larger hospitals having lower satisfaction scores.  The authors support 
this theory by explaining the possibility that patients perceive larger hospitals as impersonal and 
intimidating.  However, Andaleeb (1998) support the opposite theory, believing that larger 
hospitals are better evaluated than smaller facilities because this characteristic reflects the level 
of competent services their staff can provide to the patient. 
 
Teaching Status 
Authors appear to agree on the impact of a hospital’s teaching status on overall patient 
satisfaction.  Pink et al. (2003) support the theory that non-teaching hospitals report higher 
satisfaction scores, which to some degree matches with Yarnold et al.’s (1998) findings that 
community hospital patients are harder to please.   
 
Other Hospital Characteristics 
Other hospitals characteristics were mentioned but not emphasized in the research.  Pink 
et al. (2003) find an inversely proportional relationship between efficiency and patient 
satisfaction, with patients appearing to be less satisfied in more efficient hospitals.  This finding 
can be explained by the possibility that higher efficiency means less resources per patient, which 
would, in return, lead to less personal attention and care.  Religious affiliation (Pink et al., 2003) 
and location (Thompson, et al., 1996) were not found to be significant on predicting patient 
satisfaction.  Hospital security had contradictory results, with some researchers believing that 
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patients who feel safe and secure report a higher satisfaction score in the ED (Boudreaux et al., 
2000), and other researchers who believe that feeling safe in a hospital has no impact on how 
pleased the patient feels with the hospital visit (Bowers et al., 1994). 
 
Overall Summary of Findings 
Figure 1 summarizes the findings listed in this literature review.  It lists the attributes that 
have been analyzed by researchers to determine whether they have an impact on patient 
satisfaction in healthcare, along with their research findings as to whether they are significant or 
not in predicting overall patient satisfaction.  The following legend helps identify which studies 
were completed in the ED, which studies were completed in a hospital, and which variables 
showed significance.
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  Patient Satisfaction Variables 
 












































































































Mowen et al. (1993)     +     +   -    -   -   
Bowers et al. (1994) - - +      - +             
Hall et al. (1996) + +       + + +  +  -  + (F)   -   
Rhee et al. (1996)         +              
Thompson et al. (1996) -   -           -  -      
Dansky et al. (1997) - - +  +                  
Andaleeb (1998)         +            + (L)  
Mayer et al. (1998)    -     +     +     + (H)    
Yarnold et al. (1998)          +    + -  -     + (NT) 
Boudreaux et al. (2000)    +      + +    -  -   -   
Sun et al. (2000)   - - +      + +  + + (O) 
+ 
(W)    +   
Naumann et al. (2001)     +     +             
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 Patient Satisfaction Variables 
 












































































































Spaite et al. (2002) + + + +                   
Tucker et al. (2002)               + (O) - - 
+ 
(M)     
Otani et al. (2003)          +             
Pink et al. (2003)               + (O)  
+ 





Boudreaux et al. (2004)                   + (H)    
Brown et al. (2005)       +  + +             
Green indicates attributes tested in ED  L – Larger hospital patients are more satisfied 
Red indicates attribute tested in other hospital departments  S – Smaller hospital patients are more satisfied 
+ indicates significant relationship  O – Older patients are more satisfied 
- indicates a not significant relationship  W – White patients are more satisfied 
M – Male is more satisfied  B – Black patients are more satisfied 
F – Female is more satisfied  F – Higher ED census predicts higher satisfaction 
T – Teaching hospital patients are more satisfied  H – Higher acuity patients are more satisfied 
NT – NT hospital patients are more satisfied   
Figure 1.  Summary Matrix
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CHAPTER THREE: METHODOLOGY 
The literature review shows that patient satisfaction has been a very popular topic of 
discussion in healthcare.  However, how researchers determine patient satisfaction varies.  While 
some researchers focus on categorizing patients as satisfied and dissatisfied, others focus on 
quantifying patient satisfaction.  The purpose of this dissertation is to predict the level of patient 
satisfaction; categorizing patients as satisfied versus unsatisfied offers limited help to healthcare 
managers when it comes to quantifying how small improvements lead to an increase in patient 
satisfaction.  A model that lets one know that the patient is satisfied does not necessarily mean 
that there is not room for improvement.  By creating a model that predicts patient satisfaction 
scores, healthcare managers will be able to identify fluctuations in patient satisfaction ratings, 
along with the magnitude of the fluctuation. 
 
Determining Patient Satisfaction 
The hospital undergoing this study contracted a third-party survey organization to 
conduct surveys and measure overall patient satisfaction for several hospital services, including 
the Emergency Department.  Their services started in January of 2003.  The survey used asked 
the patient for their input and perception on several dimensions of their visit, including triage, 
nursing care, physician care, and discharge.  The survey was conducted via telephone after the 
patient was discharged from the hospital.  The survey had 30 questions, and most questions can 
be rated on a 5-point scale that ranges from poor to excellent.  The overall survey result is 
delivered as a numeric outcome that can range from 0 to 100, with 100 being the highest level of 
satisfaction possibly achieved, and results are shared and discussed during the Management 
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Review meetings, which occur on a monthly basis.  This survey organization was used to report 
patient satisfaction from January 2003 through March 2006, when Senior Management decided 
to stop using their services. 
Though the long survey was designed to capture as much detail about the patient’s 
experience in the ED as possible, the hospital could very easily capture a very similar patient 
satisfaction score by asking the patient one single question about their overall experience in the 
ED.  As part of the 30-question survey used, the question “Thinking about your recent visit to the 
Emergency Room, please rate the overall quality of care and services.  On a scale from zero to 
ten, where zero is the worst overall quality possible, and ten is the best, how would you rate the 
overall quality?” was asked close to the end of the survey questionnaire.  Looking at the monthly 
average overall survey score versus the monthly average question score for the January 2003 
through August 2005 time frame, one can observe a strong relationship between them, as shown 
in Figure 2.  The question specific score, which was reported on a zero to ten scale, was 
converted (for example, a rating of 9 on the question specific score is equivalent to a 90).  The 
coefficient of correlation between the scores is 0.93.  It is also important to note that the average 
question score was statistically higher than the average overall survey score, with the specific 
question scoring, on average, 4.3 points higher than the overall survey score.  In summary, it is 
safe to assume that asking the patient a single question versus a 30-question survey might 
provide senior management very similar results on overall patient satisfaction trends in the ED. 
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Old Survey ED Overall Score Vs. ED Specific Question Score























Figure 2.  Regression:  Overall Survey Score Vs. Question Specific Score (Old Survey) 
 
 
In August of 2006, the healthcare organization under study decided to contract another third-
party survey organization to conduct surveys in the ED.  This time, the survey was a mailed-out 
questionnaire that asked patients for their input on nursing, physicians, tests, and overall 
assessment of their visit.  This survey also has a final question on the overall rating of care 
received during the patient’s visit.  This question was rated by the patient on a 5-point Likert 
scale that ranged from poor to very good.  The question specific score, which was reported on a 
zero to five scale, was converted (for example, a rating of 4 on the question specific score is 
equivalent to an 80).  When looking at the relationship between the overall patient satisfaction 
score measured by the survey versus the question-specific average scores, it looks like there is, 
once again, a strong relationship between the overall score and the question-specific score.  
However, on this survey, the question-specific scores were, on average, 4.7 points lower than the 
overall survey results.  Figure 3 shows the linear regression between the two variables, with an 
R-square of 0.94, though it is important to note the scarcity of data points available. 
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New Survey ED Overall Score Vs. ED Specific Question Score


























Figure 3.  Regression:  Overall Survey Score Vs. Question Specific Score (New Survey) 
 
 
Given the different scenarios and surveying techniques, it was decided that three patient 
satisfaction measurements were going to be used to develop three models to predict patient 
satisfaction.  The first attempt of this study was to develop a model using the overall patient 
satisfaction scores measured by the old third-party survey organization.  The second attempt of 
this study was to develop a model using a one-question survey that is collected at the patient’s 
time of discharge from the ED.  The question asked the patient for his input on the overall 
quality of services.  The third attempt of this study was to develop a model using the last 
question of the new third-party survey’s questionnaire.  The details of each modeling approach 





Based on the review of literature, it is apparent that researchers prefer to use factor 
analysis and multiple regression analysis to determine patient satisfaction.  However, it is 
important to examine other modeling techniques to ensure that the right modeling approach is 
used based on the researchers’ intentions and objectives.  This section of this study focuses on 
some of the modeling techniques mentioned in and outside of healthcare, along with their 
strengths and limitations. 
 
Factor Analysis 
Factor analysis is a modeling approach used to analyze data so that latent variables that 
cannot be directly measured are understood by the human mind.  Through the use of factor 
analysis, the number of variables for further research can be minimized while also maximizing 
the amount of information in the analysis.  It can also help the researcher better understand the 
relationship among distinct variables.  There are two main types of factor analysis:  exploratory 
factor analysis (EFA) and confirmatory factor analysis (CFA).  EFA focuses on summarizing 
large groups of indicators into smaller constructs so that data can be easily managed, while 
providing the researcher a better understanding of what and how many indicators have an impact 
on a given construct.  EFA does not require the researcher to have a theory or a model already in 
mind; the purpose of this technique is to identify factors that best explain the variation in the 
observed set of items (Yeung et al., 2006).  CFA, however, requires that a theory be already in 
place about which factors are existent.  Therefore, CFA is not concerned with discovering a 
factor structure, but with confirming the existence of a specific factor structure (Raykov et al., 
2006). 
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The reason factor analysis is so popular among healthcare researchers interested in 
patient satisfaction is due to the fact that it allows them to understand variables that cannot be 
directly measured, such as physician communication skills and nursing care.  Almost all research 
done in patient satisfaction includes subjective variables that cannot be directly observed, 
making factor analysis a very popular technique.  However, because the main objective of factor 
analysis is to measure latent variables or to prove their existence, it cannot be used in this 
specific study.  The variables that are being considered in this study are quantifiable, observed 
variables, making this modeling technique inadequate for the purposes of this study. 
 
Structural Equation Modeling 
Structural Equation Modeling (SEM) is a statistical methodology used by biologists, 
economists, educational researchers, marketing researchers, medical researchers, and a variety of 
social and behavioral scientists (Raykov et al., 2000).  It is a comprehensive method for the 
quantification and testing of theories.  This modeling technique focuses on testing the 
significance of theoretical relationships between variables. 
SEM can be used to model both latent and observed variables.  When modeling observed 
variables, this methodology is often called path analysis (Raykov et al., 2000), though Kwon et 
al., (2005) and DeShields Jr., et al., (2005) used the same terminology to model latent variables.  
Path analysis gives the researcher the advantage of understanding how certain observed variables 
might affect other observed variables, which, in return, have an impact on a final variable of 




Figure 4.  Path Analysis Example 
 
 
In the example illustrated in Figure 4, two observed variables (X1 and X2) have an 
impact on a third variable (X3), which has a relationship with the dependent variable of interest 
(Y). 
SEM can also be used to test the significance of relationships between latent variables.  
These variables, however, are usually a set of indicators that have been analyzed and grouped 
into constructs through the use of confirmatory or exploratory factor analysis.  Figure 5 
illustrates the notion of SEM with latent variables: 
 
 




In this example, each one of the constructs (F1, F2, and F3) represents a cluster of 
indicators.  Each construct represents a latent variable, and each latent variable can be explained 
by several indicators. 
While SEM is a very powerful tool in the sense that it allows the researcher to understand 
cause-and-effect relationships, one must keep in mind that the researcher must have a very clear 
understanding of what is being modeled prior to using this modeling technique.  It is a 
requirement that a strong theoretical model be present prior to using SEM.  According to Raykov 
et al. (2000), proposing a model as the very first step of SEM is a very demanding requirement, 
since theories are often poorly developed or even nonexistent.  Though path analysis allows the 
modeling of observed variables, it would not be appropriate for the purpose of this study, since 
the surrogate measures of interest have not been researched extensively, with some of them, such 
as re-admission rates 24 hours and 48 hours after discharge, never having been analyzed.  If it 
were an appropriate tool in this research, there would be a problem in that the researcher does not 
have access to software capable of performing SEM. 
 
Decision Tree Classification Modeling 
Decision tree classification modeling is a powerful way to categorize data that involve 
both categorical and continuous dependent variables.  This technique splits a sample into sub-
samples based on the response to a question.  The best possible variable split needs to be selected 
in order to maximize the average purity or homogeneity of the sub-samples (Kitsantas et al., 
2006).  Originally, large and highly accurate trees with zero misclassification rates are built.  
These trees, however, are of little practical use, as they cannot be interpreted easily (Harper et 
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al., 2006).  The search for the appropriate tree size starts by collapsing some of the branches of 
the large tree using a trade-off analysis between accuracy and complexity (Kitsantas et al., 2006). 














Figure 6.  Yarnold et al.’s ED patient satisfaction model (1998) 
 
 
As seen in the above example, depending on the response to the question, the sample is 
further divided into more sub-samples.   This modeling approach, if used in this study, would 
categorize ED patients as being satisfied versus dissatisfied with their visit.  The intent of this 
study, however, is to predict patient satisfaction scores, and not categorize the patient as being 
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satisfied versus dissatisfied, so this approach will not be used to conduct this study.  Also, one 
must define a satisfied and a dissatisfied patient differently.  A patient who is 70% satisfied with 
his ED visit might be satisfied with his visit, while another patient with the same score might not 
feel the same way.  There is also the issue of quantifying efforts to increase patient satisfaction:  
in the example above, it would be impossible to quantify an increase in patient satisfaction if the 
patient changed his rating on doctor’s concern for his comfort during treatment from poor to 
good.  It is expected that the patient would be less dissatisfied, but quantifying that decrease in 
dissatisfaction is not possible with this modeling approach.  Also, though this approach considers 
non-linear relationships between variables, it is not based on a probabilistic model (Kitsantas et 
al., 2006).  There are no probability levels or confidence intervals associated with the predictions 
derived from classification trees. 
 
Multiple Regression Analysis 
Review of the literature available on patient satisfaction reveals that, along with factor 
analysis, multiple regression analysis is often used to determine predictors of patient satisfaction.  
It is a powerful tool, and, if results are interpreted correctly, it can be used to predict patient 
satisfaction scores in the ED. 
Multiple regression analysis is a technique that identifies relationships between a given 
dependent variable (y) and two or more independent variables, which are referred to as x’s.  This 
modeling approach attempts to choose the best-fitting model for a set of data through the 
minimization of the sum of squares of the deviations of the points from the plane or surface.  








Figure 7.  Sum of Squares of Deviations 
 
 
As seen above, the goal of this technique is to develop an equation that predicts the 
expected value of y by minimizing the square of the distance between the data points and the line 




where the betas are the unknown parameters to be estimated and the x’s are the 
independent variables. 
In this study, each x is one of the surrogate measures that could possibly predict patient 
satisfaction in the ED.  Developing such a regression model would allow the end-user to predict 
y, or, in this case, predict patient satisfaction scores in the ED upon substituting in the observed 
values of the independent variables for a particular patient or time period. 
One of the advantages of using multiple regression to predict patient satisfaction in the 
ED is the fact that a model can be formulated using software already available to the healthcare 
system.  This characteristic makes this modeling technique a very attractive one, since it is 
nn xxxy ββββ ++++= ...22110
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important that the healthcare institution of interest have the capability to conduct further analysis 
and better fitting of the model without the aid of a third-party researcher or without the need to 
purchase any software.  Also, unlike decision tree classification modeling, this technique allows 
us to predict the level of patient satisfaction in the ED, while letting the end-user know which 
surrogate measures have the most impact on a patient’s overall experience in the ED.  The end-
result of this model is the overall patient satisfaction score. 
Multiple regression analysis, however, has its drawbacks.  One of them is 
multicollinearity, or the possibility that two or more independent variables contribute to 
redundant information, or, in other words, are correlated (Mendenhall et al., 1995).  To avoid this 
potential pitfall, an eigenvalue/eigenvector analysis will be performed and high levels of 
multicollinearity will be eliminated.  The coefficients, in addition, might change as independent 
variables are added or removed from the model.  To avoid omission of variables that might have 
a significant impact on patient satisfaction, the original model will contain a large amount of 
variables, and variables that do not have a statistically significant impact on patient satisfaction 
will be removed from the model. 
 
Final Modeling Technique of Choice 
Based on the discussion of each one of the modeling techniques listed previously, it was 
decided that multiple regression analysis would be the most appropriate modeling technique for 
this study, given that the intent of this research is to predict patient satisfaction scores.  Also, 
since the healthcare organization under study might consider further polishing this study and 
expanding this concept to other hospital units, it is necessary that the model be built using 
computer software already available to the healthcare institution. 
 33
Surrogate Measures of Interest 
This section of this study lists and defines each of the surrogate independent variables 
initially considered in the modeling and predicting patient satisfaction in the ED.  Each one of 
them will be included in the model as an independent variable that could possibly explain 
variation in patient satisfaction scores.  Data on patients who end up being admitted as an 
inpatient will be excluded from this study, since their input is already collected on an inpatient 
basis (unless stated otherwise). 
Data will be abstracted from the ED patient tracking system, which is able to determine 
indicators related to the patient’s ED visit itself, such as length of stay and waiting time.  Data 
related to the patient himself, such as acuity level, race, age, and gender can be abstracted from 
hospital internal databases, which can also provide reports on a daily basis. 
 
Overall Length of Stay (LOS) in the ED 
The overall length of stay starts when the patient enters the waiting room and it ends 
when the patient is discharged from the ED.  Patients who leave without being treated and 
patients who leave against medical advice are not counted in this variable.  It is proposed that the 
higher the overall length of stay in the ED, the lower the patient satisfaction.  
 
Total Time Spent in the Waiting Area 
The total time spent in the waiting area starts when the patient enters the waiting room 
and it ends when the patient enters the treatment area.  It is proposed that the higher the total time 
spent in the waiting area, the lower the patient satisfaction in the ED.  Patients who LWBT (left 
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without being treated) and patients who leave against medical advice are not included in this 
variable. 
 
Number of Patient Complaints Related to the ED 
The hospital is, by law, required to file and track patient complaints that are filed via 
telephone, fax, e-mail, personal visit, or letter.  It is proposed that the higher the number of filed 
patient complaints, the lower the patient satisfaction scores.   
 
24-Hour Re-Admissions 
24-hour re-admissions can be defined as any unplanned admission that occurs 24 hours 
after an initial ED visit.  Patients who returned to the ED after 24 hours for a follow-up visit were 
excluded, since the visit was planned.  In theory, 24-hour re-admissions would take place 
because a) the patient was misdiagnosed or b) the patient become more ill, which would indicate 
poor treatment of the disease during the first visit.  24-hour re-admissions excludes patients who 
LWBT and patients who leave against medical advice.  It is proposed that patients who are re-
admitted 24 hours after their first visit are less satisfied with the ED. 
 
Percentage of ED Re-admissions Within 48 Hours 
The same notion of 24-hour ED re-admissions will be applied to 48-hour re-admissions.  





Patient Age Category 
Because review of literature shows contradictory results on the effect of patient age on 
overall satisfaction, age will be used as an independent variable in this study. Age will be divided 
into groups:  00-01, 02-04, 05-14, 15-17, 18, 19-29, 30-39, 40-49, 50-59, 60-69, 70-79, 80-89, 
and 90 and older.  It is hypothesized that, agreeing with existing research, older patients tend to 
be more satisfied with their overall experience in the ED.  
 
Patient Gender 
Because review of literature shows two studies agreeing that males tend to be less 




Based on review of existing literature, it is believed that level of patient acuity is a 
predictor of patient satisfaction.  Research shows that the sicker the patient is, the more likely he 
is to be more satisfied with the outcome of the visit.  In the hospital of study, acuity is 
determined by a point system.  Each procedure and step related to patient care is assigned a 
number of points.  When the patient is discharged, his points are added, and his acuity will fall in 
one of the five acuity levels.  Because sicker patients usually require more procedures and 
nursing/physician care, their total number of points is much higher than a patient who is stable 
and has a simpler diagnosis.  The hospital under study developed a way of addressing lower 
acuity patients separately so that their length of stay is not impacted by those who seek urgent 
treatment.  The lower acuity patients, known as First Care (FC) patients, are seen by an ARNP, 
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and they are also differentiated from regular ER (Emergency Room) patients in the bed tracking 
system.  For simplification of this research, FC patients will be considered low acuity patients, 
while ER patients will be considered high acuity patients. 
 
Marital Status 
A patient must fall in one of the marital status categories:  single, married, divorced, 
separated, and widowed.  Each one of these categories will be considered an independent 
variable that potentially predicts patient satisfaction.  There is limited research on the impact of 
marital status on patient satisfaction.  As mentioned in the literature review, Tucker (2002) 
believes that married patients tended to be less satisfied than single patients.  Because this 
variable has been mentioned in the literature, it is important that it be included in the analysis.   
 
Financial Class 
A patient’s financial class is the terminology used to determine how a patient’s financial 
expenses related to a hospital’s visit will be covered.  The following are the financial classes 
used to classify a patient’s financial coverage:  auto insurance, employee, HMO-managed care, 
Indemnity, Medicaid HMO, Medicare HMO, Medicaid, Medicare, Other Government, PPO 
Managed Care, Self-Pays, and worker’s compensation.  Each one of these categories will be used 
as an independent variable that might possibly predict patient satisfaction.  
 
Race 
Literature shows inconsistent findings on the impact of patient’s race on his satisfaction 
in the ED.  The following racial classifications are used:  American Indian/Eskimo, Asian or 
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Pacific Islander, Black, Hispanic-Black, Hispanic-White, White, and Other.  Each one of the race 
categories will be used as an independent variable that might have an impact on overall patient 
satisfaction in the ED. 
 
Hypothesized Model 
Multiple regression analysis was the technique chosen to build a model to predict patient 
satisfaction in the ED.  As previously mentioned, three modeling approaches were used to create 
a regression equation to predict patient satisfaction scores.  Modeling approach 1 used monthly 
patient satisfaction scores collected through the use of a third-party telephone survey collected 
from January 2004 through March 2006.  This model attempted to predict monthly patient 
satisfaction scores.  Modeling approach 2 used patient satisfaction scores collected at time of 
discharge from August of 2006 through September of 2006 to build a patient satisfaction model 
to predict satisfaction on a patient-level basis.  Modeling approach 3 used patient satisfaction 
scores collected through a third-party mail-out survey collected from December of 2006 through 
February of 2006 to predict patient satisfaction on a patient-level basis.  The end product of each 
one of the modeling approaches was a regression equation that can be used to predict patient 
satisfaction scores in the ED. 
 
Model Validation 
Once the hypothesized model is built, the tool will be used as a tentative patient 
satisfaction predictor model until results are fully validated.  Each modeling approach will have a 
distinct validation technique, as explained in Chapter Four.  The following indicators will be 
looked at to determine model adequacy and predictive ability: 
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1. R-square 
2. Adjusted R-square 
3. Predicted R-square 
4. Mean Square Error (MSE) 
5. Predicted Error 
6. Residual Plot 
7. Residuals versus fitted values plot 
8. Variation Inflation Factors (VIF) 
9. 95% Prediction Intervals 
 
Data Time Frame 
The hospital undergoing this study has an ED patient tracking system that has been 
collecting statistics on ED patient visit characteristics since January of 2004.  Monthly reports 
are developed to senior management in order to track important variables, such as waiting time, 
patient volume by physician, and patient average length of stay.  The old third-party survey 
organization was contracted by the hospital from January of 2003 through March of 2006, and in 
August of 2006, the new third-party survey organization started measuring patient satisfaction in 
the healthcare organization under study.  In August of 2006 and September of 2006, a one-
question survey was administered at time of discharge.  Patients’ socio-demographic 
characteristics are available from 1999 to present.   Figure 8 represents a timeline of the data 





Figure 8.  Data availability timeline 
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CHAPTER FOUR: ANALYSIS & FINDINGS 
Multiple regression analysis was performed on all variables of interest given the 
following guidelines: 
1. The model was first run with all variables to determine p-values for each variable 
and the magnitude of the Mean Square Error (MSE). 
2. The variable with the highest (not significant) p-value was removed from the 
model, and the model was re-run.  If the MSE decreased after removal of the 
variable, the next variable with the highest (not-significant) variable was removed 
from the model.  This cycle repeated itself until removing a variable with a non-
significant p-value increased the MSE; if that took place, the variable was placed 
back in the model. 
Figure 9 illustrates the multiple regression methodology used. 
 
 
Figure 9.  Regression Analysis Methodology 
 
Three basic modeling approaches were developed, based on the format and availability of 
the dependent variable and the nature of the independent variables.  The first modeling approach 
uses the old survey company’s monthly patient satisfaction scores to build a multiple regression 
 41
model.  This model will attempt to predict monthly patient satisfaction scores.  The second 
modeling approach uses a one-question survey that was collected at the patient’s time of 
discharge.  This modeling technique will attempt to predict patient satisfaction scores at a patient 
level.  The third modeling technique uses one of the questions on the survey used by the new 
survey company to build a regression model.  The question score will be used to develop a model 
to predict patient satisfaction in the ED on a patient-level basis. 
 
Modeling Approach 1  
Modeling approach 1 uses monthly patient satisfaction scores as the dependent variable 
and monthly totals for the surrogate measures of interest.  The hospital has average monthly 
patient satisfaction scores from January of 2004 through March of 2006, when the organization 
decided to stop using the third-party survey organization it had been using.  The institution also 
implemented an ED bed tracking system in March of 2004, allowing the department to gather 
data on waiting times, average length of stay, and other important time variables.  The healthcare 
organization has 24 months of data on the dependent variable (the monthly average patient 
satisfaction) and the independent surrogate variables previously mentioned in this document, 
starting in April of 2004 and ending in March of 2006.    
The survey used by the old third-party organization asked the patient for his input and 
perception on several dimensions of their visit, including triage, nursing care, physician care, 
cleanliness of the ED, and the discharge process.  The survey is conducted via telephone 
approximately 7 days after the patient is discharged from the hospital.  Patients who were called 
were randomly selected by the hospital, and patients interacted with an automated operator who 
would ask the questions on the survey and record patients’ verbal responses.  The survey had 30 
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questions, and most questions could be rated on a 5-point scale that ranged from poor to 
excellent.  The overall survey result is delivered as a numeric outcome that can range from 0 to 
100, with 100 being the highest level of satisfaction possibly achieved.  An average of 125 
patients completed the telephone survey on a monthly basis, corresponding to approximately 
5.4% of the total number of ED monthly visits. 
Because the healthcare organization under study no longer uses the same survey 
instrument to measure patient satisfaction, appropriate validation of this model using current data 
was impossible.  It was decided to complete a regression analysis using 20 out of the 24 months 
worth of data available.  The remaining 4 data points would be used to validate the model and 
confirm that the regression model could predict the monthly patient satisfaction scores calculated 
by the old third-party survey organization. 




 Due to the limited number of data points available for the construction of a regression 
model, a Pearson correlation analysis was done to determine which variables had a significant 
relationship with patient satisfaction in the ED.  Table 1 summarizes the coefficients of 
correlation, along with the p-values for each one of the variables and patient satisfaction. 
 




ALOS -0.479 0.033 
WAIT -0.544 0.013 





ER -0.138 0.561 
FC -0.515 0.02 
Female -0.3 0.2 
Male -0.468 0.037 
AMERICAN IND -0.286 0.221 
ASIAN OR PAC -0.438 0.053 
BLACK -0.126 0.595 
HISPANIC-BLA 0.297 0.204 
HISPANIC-WHI -0.364 0.115 
NO RESPONSE 0.246 0.297 
OTHER 0.134 0.573 
WHITE -0.384 0.095 
DIVORCED -0.179 0.449 
LEGALLY SEPA 0.203 0.39 
MARRIED -0.337 0.146 
SINGLE -0.388 0.091 
WIDOWED -0.351 0.129 
00 - 01 -0.199 0.401 
02 - 04 -0.544 0.013 
05 -14 -0.436 0.055 
15 - 17 -0.128 0.591 
18 - 18 0.09 0.705 
19 - 29 -0.047 0.844 
30 - 39 -0.071 0.767 
40 - 49 -0.209 0.377 
50 - 59 -0.17 0.474 
60 - 69 -0.573 0.008 
70 - 79 -0.319 0.171 
80 - 89 -0.302 0.195 
90 + 0.164 0.49 
AUTO INSUR -0.044 0.853 
EMPLOYEE -0.525 0.017 
HMO-MGD CR -0.466 0.038 
INDEMNITY -0.071 0.767 
MCAID HMO -0.466 0.039 
MCARE HMO -0.366 0.113 
MEDICAID -0.322 0.166 
MEDICARE -0.233 0.323 
OTH GOVERN -0.151 0.526 
PENDING AS -0.225 0.34 
PPO MGD CR -0.067 0.779 
SELF PAY -0.091 0.702 
WRKR COMP 0.041 0.862 
Complaints -0.332 0.152 
24 hr 0.327 0.16 
48 hr 0.144 0.544 
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Seventeen variables were selected based on the significance of the relationship with 
patient satisfaction (in bold, Table 1).  Variables that were suspected to have an impact on patient 
satisfaction but whose relationship with patient satisfaction resulted in a p-value less than 0.05 
were also included.  Figure 10 shows the regression equation and its indicators. 
 
 
Figure 10.  Modeling Approach 1, Model A 
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 The R-square in this model shows that 96.1% of the variation in patient satisfaction can 
be explained by the variables included in the model.  The adjusted R-square of 87.7% also shows 
that the data fits the model very well.  The variance inflation factors (VIF) also show that 
multicollinearity is under control.  The residual plot in Figure 11 shows a normal distribution, 
with a p-value of 0.865.  The residual vs. fitted values plot in Figure 12 also shows constant 
variation.  In summary, this model shows very strong indication that monthly patient satisfaction 
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Residuals Versus the Fitted Values
(response is QDM SAT OLD)
 




Model B included all the variables included in the initial analysis of model A, but it also 
included the variable 48 hr in the analysis, due to the suspicion that the variable might 
potentially have an impact on overall patient satisfaction in the ED.  This model, therefore, 
initially contained a total of 18 variables.  Figure 10 shows the regression model developed using 
the methodology previously described in this chapter. 
As seen in the analysis, the VIF’s are unacceptable, with values ranging between 13.1 
and 1343.7.  An eigen analysis was performed to determine which variables were causing 
multicollinearity.  The analysis can be found in Appendix A.  The eigen analysis suggested that 
the variables ALOS and WAIT needed to be removed from the model.  The model was re-run 
using 16 variables.  Figure 13 shows the final regression equation for model B. 
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The regression equation is
SAT OLD 2 = 137 + 2.84 ALOS - 48.6 WAIT + 0.161 FC - 0.0828 Male
              + 5.00 ASIAN OR PACIFIC ISLANDER - 0.0928 SINGLE + 0.165 00 - 01
              - 0.502 02 - 04 - 0.216 60 - 69 + 0.362 70 - 79 + 0.211 80 - 89
              + 2.14 EMPLOYEE - 0.0762 HMO-MGD CR + 0.132 MCAID HMO
              + 1.04 Complaints + 0.475 24 hr - 0.350 48 hr
Predictor                      Coef  SE Coef      T      P     VIF
Constant                     137.30    16.24   8.46  0.014
ALOS                          2.845    1.745   1.63  0.245    23.3
WAIT                         -48.60    12.92  -3.76  0.064   425.5
FC                          0.16114  0.04657   3.46  0.074  1343.7
Male                       -0.08282  0.02069  -4.00  0.057   148.0
ASIAN OR PACIFIC ISLANDER     5.003    1.375   3.64  0.068   293.3
SINGLE                     -0.09281  0.03236  -2.87  0.103   711.7
00 - 01                     0.16481  0.04700   3.51  0.073   226.9
02 - 04                     -0.5018   0.1306  -3.84  0.062   755.0
60 - 69                    -0.21584  0.08499  -2.54  0.126    61.0
70 - 79                      0.3623   0.1211   2.99  0.096   150.7
80 - 89                     0.21064  0.06899   3.05  0.093    13.1
EMPLOYEE                     2.1387   0.6948   3.08  0.091   165.0
HMO-MGD CR                 -0.07622  0.02914  -2.62  0.120    38.2
MCAID HMO                   0.13150  0.04692   2.80  0.107   115.6
Complaints                   1.0410   0.2476   4.20  0.052    25.8
24 hr                        0.4751   0.1133   4.19  0.052    63.1
48 hr                      -0.35044  0.08638  -4.06  0.056    16.8
S = 0.790861   R-Sq = 99.2%   R-Sq(adj) = 92.3%
PRESS = 273.375   R-Sq(pred) = 0.00%
Analysis of Variance
Source          DF        SS      MS      F      P
Regression      17  153.8938  9.0526  14.47  0.066
Residual Error   2    1.2509  0.6255
Total           19  155.1447
Source                     DF   Seq SS
ALOS                        1  35.5730
WAIT                        1  10.3517
FC                          1  11.1963
Male                        1   8.3120
ASIAN OR PACIFIC ISLANDER   1   2.9323
SINGLE                      1  24.4412
00 - 01                     1   1.1428
02 - 04                     1   7.1120
60 - 69                     1  16.6156
70 - 79                     1   6.6274
80 - 89                     1   2.2584
EMPLOYEE                    1  11.8808
HMO-MGD CR                  1   0.5225
MCAID HMO                   1   0.7432
Complaints                  1   1.9171
24 hr                       1   1.9732
48 hr                       1  10.2943
 




Figure 14.  Modeling Approach 1, Model B without multicollinearity 
 
  
As seen in Figure 14, both R-square and adjusted R-square show that the data fits the 
model very well.  The VIFs decreased significantly, with values ranging between 1.9 and 34.5.  
The residual plot show in Figure 15 shows a normal distribution of residuals, with a p-value of 
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Residuals Versus the Fitted Values
(response is QDM SAT OLD)
 




Model C was developed using all variables initially included in the initial analysis of 
Model B, with the exception of variables WAIT and 48 hr.  The variable WAIT was excluded 
from the model due to the suspicion of a possible relationship with the variable ALOS.  It is 
believed that a higher length of stay in the ED may be due to a longer waiting period.  The 
variable 48 hr was excluded from the model due to the fact that it might be correlated with the 
variable 24 hr, since some patients had to be re-admitted more than once after the initial 
discharge from the ED.   
Figure 17 shows the final regression equation an analysis of model C.  The R-square of 
94.2% and the adjusted R-square of 84.3% show that the data fits the model very well.  The 
residual plot shown in Figure 18 shows a normal distribution of the residuals, with a p-value of 
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Modeling Approach 1 Validation and Discussion 
 Modeling approach 1 was validated by using the overall monthly patient satisfaction 
scores for the months of April of 2004 through July of 2004.  Figure 20 shows the actual overall 
patient satisfaction score for the four months versus the predicted values obtained by using 
models A, B, and C.  It is important to note that, for better visualization purposes, the y-axis 
scale was adjusted so that focus could be placed on the differences between actual and predicted 
scores. 
 







Apr. 04 May 04 Jun. 04 Jul. 04
Actual Model A Model B Model C
 
Figure 20.  Modeling Approach 1 validation 
 
 
 Based on Figure 20, it appears that Model C has the best predictability skills out of all 
three models in modeling approach 1.  However, when looking at the indicators summarized in 
Table 2, Model A seems to have the best results.  Such inconsistency may be due to the fact that 
there are not enough data points to validate the model, or the fact that Model C has a higher 
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predicted R-square.  The VIFs for Model A are also the highest of all three models, leading to a 
model of less quality when compared to Model C, which has lower VIFs. 
 
Table 2.  Modeling Approach 1 indicators 
Indicators Model A Model B Model C 
R-sq 96.1% 92.9% 94.2% 
R-sq (adj) 87.7% 80.8% 84.3% 
R-sq (pred) 24.4% 36.7% 44.7% 
MSE 1.008 1.566 1.286 
VIF Mean 17.32 12.73 13.62 
VIF Range 7.6 – 34.0 1.9 – 34.9 3.3 – 32.5 
Constant Variance? Y Y Y 
Residuals Normality Test 0.865 0.609 0.475 
 
  
The models also show some inconsistency when it comes to the coefficient signs.  Table 
3 summarizes the coefficient signs for all models developed in modeling approach 1.  Model B 
uses both 24 hr and 48 hr to predict overall patient satisfaction in the ED; however, when 
looking at the coefficient signs, results look contradictory.  While 24-hour re-admissions have a 
positive impact on patient satisfaction, 48-hour re-admissions are found to have the opposite 
effect on the dependent variable.  The opposite signs could be due to the fact that some of the 48-
hour re-admissions were also 24-hour re-admissions, causing the variables not to be independent 
of one another, and consequently leading to problems with Model B.  The 70 – 79 age category 
also had contradictory results, with Model A showing a positive impact on patient satisfaction, 
Model B showing a negative impact on patient satisfaction, and Model C not finding the variable 
to have any impact on the dependent variable.  When looking at all three models combined, it 
seems that older patients seem to be more satisfied with their experience in the ED.  That can be 
noted by looking at the coefficient signs for variables 60 – 69, 70 – 79, and 80 – 89.  Therefore, 
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the positive impact of the 70 – 79 age category in Model B is also questionable.  The variable 
MCAID-HMO also displays different coefficient signs in different models, with this variable 
having a positive impact on patient satisfaction in Models A and C and negative impact in Model 
B.  Patients with Medicaid HMO coverage are expected to have no out-of-pocket expense when 
visiting the ED, which would lead one to believe that these patients would be more satisfied with 
their visit.  However, Model B shows an opposite effect of this variable on patient satisfaction. 
 
Table 3.  Modeling Approach 1 coefficient signs 
Variable Model A Model B Model C 
ALOS -  - 
WAIT -   
FC - - - 
Male - - - 
ASIAN OR PAC +   
WHITE + + + 
SINGLE  + + 
00 - 01 +  + 
02 - 04 -  - 
60 - 69 + + + 
70 - 79 + -  
80 - 89 + + + 
EMPLOYEE  - - 
HMO-MGD CR - - - 
MCAID HMO + - + 
Complaints    
24 hr  +  
48 hr   -   
+ indicates positive relationship with patient satisfaction 
- indicates negative relationship with patient satisfaction 
* indicates model did have data on surrogate measure of interest 
 
 
When looking at the prediction intervals, Model C shows that there is 95% confidence 
that the prediction interval includes three out of the four new data points, as seen in Figure 23.  
Model B also has three out of four points in the prediction interval, as seen in Figure 22; 
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however, given the previous discussion regarding the potential of multicollinearity, Model B’s 
predictability skills are still in question.  Figure 21 shows Model A’s prediction intervals for 
observed satisfaction scores, and only two of the observations fall within the prediction interval. 
 









Apr. 04 May 04 Jun. 04 Jul. 04
Lower Boundary Upper Boundary Actual
 















Apr. 04 May 04 Jun. 04 Jul. 04
Lower Boundary Upper Boundary Actual
 
Figure 22.  Model B 95% Prediction Interval 
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Modeling Approach 2 
Modeling approach 2 uses the one-question survey collected at time of discharge for the 
months of August of 2006 and September of 2006.  The question read as follows:  “Thinking 
about your recent visit to the Emergency Room, please rate the overall quality of care and 
services.  On a scale from zero to ten, where zero is the worst overall quality possible, and ten is 
the best, how would you rate the overall quality?”  Discharge registrars were instructed to ask 
the patient to complete the survey once the discharge process was complete and the patient was 
ready to leave.  If the patient agreed to complete a survey, he would complete it and place it in a 
box located at the discharge desk counter.  Once the patient left the ED, the discharge registrar 
would collect the survey and note the patient account number on the back of the survey, along 
with her first and last name initials.  Surveys were collected 24 hours a day, seven days a week, 
in order to collect a sample that was representative of the population under study.   
This modeling approach attempts to correlate patient satisfaction with the surrogate 
measures of interest on a patient-level detail.  A total of 754 patients participated in the survey, 
which corresponds to 11.9% of the total number of patients who visited the ED during the 
months of August of 2006 and September of 2006; however, due to multiple responses, 
illegibility of results, and discharge registrar’s errors in noting the patient account number, 494 
patients’ responses were used to build the model.  This group of patients corresponds to 7.8% of 
the total number of patients who visited the ED during the months of August of 2006 and 
September of 2006.  
Figure 24 summarizes the regression analysis for modeling approach 2.  As seen below, 
the model is of poor quality.  Only 11.4% of the variation in patient satisfaction can be explained 
by the variables included in the model.  With low R-square and adjusted R-square values, it is 
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clear that the data does not fit the model well.  When looking at the residual plot on Figure 25, it 
is seen that the residuals are not normally distributed, along with the fact that the variance is 
clearly not constant, as seen in Figure 26. 
Due to the poor regression model built, no further analysis was done on modeling 
approach 2, and no attempt was made to validate the model.  Discussion on potential issues with 
this modeling approach can be found later in this chapter. 
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Residuals Versus the Fitted Values
(response is SAT ER)
 
Figure 26.  Modeling Approach 2 residuals vs. fitted values 
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Modeling Approach 3 
A third modeling approach was developed in an attempt to predict patient satisfaction in 
the ED on a patient-level basis using a different type of surveying technique.  A new third-party 
survey organization was contracted by the hospital in August of 2006, along with a new 
surveying tool and technique.  The survey instrument is a questionnaire that is mailed out to the 
patient after his visit in the ED.  The instrument gathers patients’ perception on waiting time, 
comfort, nurses, physicians, tests, and registration process.  Answers ranged from 1 to 5, with 1 
being very poor to 5 being very good.  At the end of the survey, the patient is asked for his 
overall rating of care received during the visit.  This question’s rating was used to develop a 
regression equation to predict patient satisfaction scores for a patient who visited the ED. 
This surveying technique has had very poor response rates, with an average of 18 surveys 
returned on a monthly basis.  The hospital, however, has the advantage of viewing the surveys on 
a patient-level basis, a feature that was not available previously with the old third-party survey 
company.  Surveys that are completed and returned are scanned and made available to the 
hospital on the company’s website.  On the survey, the patient has the option of including first 
and last names.  Those fields, however, are not required.  Surveys with a first and last name 
listed were collected, and patients’ information on the surrogate measures of interest was 
collected.  A total of 29 with patients’ first and last names were collected, and a regression model 
was built using these patients’ scores on the overall rating of care received during his visit.  The 
surveys were returned by patients who had been seen in the ED during the months of December 
of 2006 through February of 2007. 
Like modeling approach 1, three models were developed using the 29 data points 
available.  They are described below. 
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Model D 
 Model D attempts to use the variables with a statistically significant relationship with 
patient satisfaction, since there were only 29 data points and not enough degrees of freedom to 
include all surrogate measures of interest.  A Pearson correlation analysis was conducted, as seen 
in Table 4, and relationships with a p-value less than 0.05 and variables that were thought to 
have an impact on patient satisfaction were included in the model.  Results from modeling 
approach 1 were also used in order to determine which variables were likely to be significant.  A 
total of 23 variables (in bold in Table 4) were used in Model D’s initial regression analysis. 
 Figure 27 summarizes Model D’s final equation and analysis.  The variables included in 
this model can explain 80.3% of the variation in patient satisfaction, and the residual plots seen 
in Figure 28 shows a normal distribution of residuals, with a p-value of 0.667.  The VIFs are 
very low, with values ranging from 1.4 to 6.4.  However, when looking at the residuals versus 
















FC -0.39 0.037 
MEDICARE -0.142 0.463 
MEDICARE HMO 0.162 0.401 
SELF PAY 0.065 0.738 
INDEMNITY 0.138 0.476 
OTH GOVERN -0.433 0.019 
PPO MGD CARE -0.142 0.463 
HMO-MGD 0.179 0.352 
MCAID HMO 0.096 0.622 
0 - 1 0.138 0.476 
2 - 4 0.138 0.476 
5 - 14 -0.009 0.964 
15 - 17 0.138 0.476 
18 - 18 -0.147 0.445 
19 - 29 0.162 0.401 
30 - 39 -0.007 0.971 
40 - 49 -0.086 0.658 
50 - 59 0.195 0.311 
60 - 69 -0.315 0.096 
70 - 79 0.14 0.467 
80 - 89 -0.418 0.024 
DIVORCED -0.315 0.096 
MARRIED 0.242 0.206 
SINGLE 0.084 0.666 
WIDOWED 0.247 0.196 
HISPANIC-WHITE 0.216 0.261 
WHITE -0.264 0.167 
OTHER 0.138 0.476 
MALE -0.197 0.306 
WAIT -0.262 0.17 
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Residuals Versus the Fitted Values
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 Model E uses the same variables used in the initial analysis of Model D, but it also adds 
the variables 15 – 17, 30 – 39, and 40 – 49, since there were more degrees of freedom available 
to include more surrogate measures of interest in the analysis.  Because results of modeling 
approach 1 shows that younger patients and older patients seem to have an impact on patient 
satisfaction, it was decided to include age categories that fall in the mid-range to determine 
whether or not the same finding is true for this modeling approach.  Results of this multiple 
regression analysis can be found in Figure 24.   
 As seen in Figure 30, this model is able to explain a higher percentage of the variation in 
patient satisfaction, with an R-square of 94.1% and an adjusted R-square of 66.8%.  The MSE is 
also lower in Model E, with a value of 0.6040 versus 0.6276 in Model D.  The VIFs are a little 
higher than Model D, with values ranging from 2.4 to 12.3.  Figure 31 shows a normal 
distribution of residuals, with a p-value of 0.131; however, the residual versus fitted plot shows 
in Figure 32 shows non-constant variance. 
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Model F uses the variables that were used in the initial analysis of Model A, also 
highlighted in Table 1.  The attempt was to determine whether or not this modeling approach 
would find the same variables that were found to have an impact on patient satisfaction in 
modeling approach 1 to be significant.  Figure 27 summarizes the regression analysis. 
As seen in Figure 33, both R-square and adjusted R-square are much lower than Model D 
and Model E.  Only 50.8% of the variation in patient satisfaction can be explained by this model.  
The VIFs are extremely low, however, with values ranging from 1.0 to 1.1. The MSE also seems 
relatively high when compared to previous models for modeling approach 3, with a value of 
1.089.  The residuals are not normally distributed, as seen in Figure 34 and the residual versus 
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Residuals Versus the Fitted Values
(response is SAT NEW 3)
 
Figure 35.  Modeling Approach 3, Model F, residual vs. fitted values 
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Modeling Approach 3 Validation and Discussion 
Modeling approach 3 was validated by using surveys that were returned with the patient’s 
first and last names during the months of January of 2007 and February of 2007.  Figure 36 
shows the actual rating of care received during the visit for three patients and the predicted rating 
using Models D, E, and F. 
  







PAT 1 PAT 2 PAT 3 PAT 4 PAT 5
Actual Model D Model E Model F
 
Figure 36.  Modeling Approach 3 predicted versus actual patient satisfaction scores 
 
 
 When looking at the indicators for each one of the models on Table 5, it appears that 
Model D has the best ability to predict patient satisfaction.  The results for Model F, however, 
show a closer relationship between predicted and actual patient satisfactions scores, as seen in 
Figure 36.  Another interesting point to mention is that Model F predicts patient satisfaction 
based on only two surrogate measures of interest:  whether the patient was a First Care patient or 
an ER patient and the patient’s age category.  This model’s residuals, however, are not normally 
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distributed, its R-square is the smallest of the three models, and its MSE is the highest of all three 
models in modeling approach 3.  
The results of this validation, however, might be misleading, since there are not enough 
data points to ensure the model is functioning properly.  Because all patients’ responses used to 
validate this model rated their experience in the ED with a perfect score, it was not possible to 
see how the model reacted to fluctuations in patient’s satisfaction. 
 
Table 5.  Modeling Approach 3 regression indicators 
Indicators  Model D Model E Model F 
R-sq 80.3% 94.1% 50.8% 
R-sq (adj) 65.5% 66.8% 40.2% 
R-sq (pred) * * * 
MSE 0.6276 0.604 1.089 
VIF Mean 1.4 – 6.4 1.6 – 12.3 1.0 -1.1 
VIF Range 2.44 6.15 1.06 
Constant Variance? N N N 
Residuals Normality Test 0.667 0.131 0.006 
 
  
When comparing Models D, E, and F in Table 6, the models’ coefficient signs seem to be 
consistent across the board, with the age category 50 – 59 having contradictory results between 
Model D and Model E.  The consistency in signs may be due to the fact that the models 
developed in modeling approach 3 had much lower VIFs when compared to modeling approach 






Table 6.  Modeling Approach 3 coefficient signs 
Variable Model D Model E Model F 
ALOS  +  
WAIT  +  
FC - - - 
Male + +  
HISPANIC-WHI - -  
WHITE - -  
DIVORCED - -  
SINGLE - -  
WIDOWED + +  
00 – 01 + + + 
02 – 04   + 
05 -14  -  
15 – 17  -  
30 – 39  -  
40 – 49  -  
50 – 59 + -  
60 – 69   - 
70 – 79  - - 
80 – 89  -  
HMO-MGD CR  +  
INDEMNITY  +  
MCAID HMO  -  
MCARE HMO  +  
MEDICARE - -  
OTH GOVERN - -  
PPO MGD CR -   
+ indicates positive relationship with patient satisfaction 
- indicates negative relationship with patient satisfaction 
* indicates model did have data on surrogate measure of interest 
 
 
When looking at the prediction intervals for modeling approach 3, problems are very 
evident.  The prediction intervals are much wider than the prediction intervals in modeling 
approach 1, with values ranging from -6 to 8, which are obviously not found in the patient 
satisfaction rating scale.  Such problems with the prediction intervals in this modeling approach 
are due to the fact that these models have a much higher MSE than modeling approach 1.  
Additionally, the non-constant variance present in all models in modeling approach 3 leads to 
problems in MSE values, which, in return, causes issues with the prediction intervals.  Though at 
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least 80% of the data points in this modeling approach fall within the prediction intervals, the 
information is meaningless, given that the MSE is so large.  
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Lower Boundary Upper Boundary Actual
 
Figure 37.  Model D 95% Prediction Interval   
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Figure 38.  Model E 95% Prediction Interval   
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PAT 1 PAT 2 PAT 3 PAT 4 PAT 5
Lower Boundary Upper Boundary Actual
 
Figure 39.  Model F 95% Prediction Interval  
 
 
Modeling Approaches Discussion 
 Table 8 summarizes all models developed in approaches 1 and 3, showing very 
contradictory results.  Modeling approach 1 found that older patients of ages ranging between 60 
years old and 89 years old were more satisfied, while modeling approach 3 shows that patients in 
this age category seem to be less satisfied with their experience in the ED.  Modeling approach 1 
also shows a negative impact of long length of stays and waiting times on patient satisfaction, 
while modeling approach 3 shows an opposite relationship.  According to modeling approach 1, 
males seem to be less satisfied with their experience in the ED, while modeling approach 3 
shows that male patients have a positive impact on patient satisfaction.  Modeling approach 1 
found that male or white patients seem to be more satisfied with their visit, while modeling 
approach 3 reveals an inverse relationship.  The only variable that both modeling approaches 
agreed unanimously on having a negative impact on patient satisfaction was FC.  This finding 
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seems logical, since FC patients are low acuity patients who are most likely seeking fast 
treatment and might be perturbed by long waits in the ED. It is important to note, however, that 
some of the variables were not available in some of the models.  For instance, models D, E, and 
F did not have an observation where a patient was re-admitted 24 hours or 48 hours after 
discharge; therefore, it was not possible to analyze the impact of 24-hour or 48-hour re-
admissions on patient satisfaction in any of the models in modeling approach 3.  Unavailable 
variables are also marked on Table 7. 
To determine which model makes the most sense, the review of literature presently 
available was re-visited to determine what studies on the impact of patient demographics on 
patient satisfaction have been completed and what their results were.  Details of this literature 
review can be found in Chapter One of this document, and a high-level summary of results can 
also be found on Table 8, though some of the surrogate measures used in this study show no 
evidence of previous research.  It is apparent that most of the research already available on the 
impact of socio-demographic characteristics agrees with findings in modeling approach 1, 
making this modeling approach the most favorable method of predicting patient satisfaction. 
 
Table 7.  Model coefficient signs summary table 
 Modeling Approach 1 Modeling Approach 3  
Variable Model A Model B Model C Model D Model E Model F Research 
ALOS -  -  +  - 
WAIT -    +  - 
FC - - - - - - - 
Male - - - + +  - 
AMERICAN IND    * * * - 
ASIAN OR PAC +   * * * + 
BLACK       + 
HISPANIC-BLA    * * *  
HISPANIC-WHI    - -   
NO RESPONSE    * * *  
OTHER        
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 Modeling Approach 1 Modeling Approach 3  
Variable Model A Model B Model C Model D Model E Model F Research 
WHITE + + + - -  + 
DIVORCED    - -   
LEGALLY SEPA    * * *  
MARRIED       + 
SINGLE  + + - -   
WIDOWED    + +   
00 - 01 +  + + + +  
02 - 04 -  -   +  
05 - 14     -   
15 - 17     -   
18 - 18        
19 - 29        
30 - 39     -   
40 - 49     -   
50 - 59    + -   
60 - 69 + + +   - + 
70 - 79 + -   - - + 
80 - 89 + + +  -  + 
90 +    * * * + 
AUTO INSUR    * * *  
EMPLOYEE  - - * * *  
HMO-MGD CR - - -  +   
INDEMNITY     +   
MCAID HMO + - +  -   
MCARE HMO    +    
MEDICAID    * * * - 
MEDICARE    - -   
OTH GOVERN    - -   
PENDING AS    * * *  
PPO MGD CR    -    
SELF PAY    * * *  
WRKR COMP    * * *  
Complaints    * * *  
24 hr  +  * * *  
48 hr  +  * * *  
+ indicates positive relationship with patient satisfaction 
- indicates negative relationship with patient satisfaction 
* indicates model did have data on surrogate measure of interest 
 
 
 Previous research was not found on certain surrogate measures of interest that were 
included in the analysis.  For instance, the use of 24-hour and 48-hour re-admissions as 
predictors of patient satisfaction, as well as the number of complaints had never been considered.  
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Those three variables, however, did not appear to be able to predict patient satisfaction.  One 
interesting finding is that hospital employees who choose to use the ED appear to be less 
satisfied.  This theory can be explained by the idea that, since employees know what is supposed 
to take place in order to receive proper treatment, their expectations might be higher than the 
average patient’s.  The average patient lacks knowledge when it comes to accurately assessing 
the technical competence of medical personnel (Aharony et al., 1993), whereas a nurse who is 
being seen in the ED for treatment can better judge treatment quality.  Young infants of ages 
ranging between 2 years old and 4 years old also appear to be less satisfied with their ED visit.  It 
is obvious that the infant himself was not dissatisfied with the visit; the infant’s parents were.  
That dissatisfaction can potentially be explained by the idea that parents perceive infants as a 
group of patients more prone to health complications and weaker when compared to an older 
group of patients.  The lower satisfaction of this age group can also be due to the fact most 
patients in this patient category is of low acuity (FC), making length of stay and waiting times 
not understood by parents, since a minor injury or low-level sickness should not take so long to 
be addressed and treated.  Medical coverage also seemed to have an impact on patient 
satisfaction.  Patients with Managed Care coverage seemed to be less satisfied with their visit, 
possibly because upon their discharge from the ED, they were asked to pay their financial 
responsibility; however, when looking at Medicaid patients, results show that this group of 
patients seem to be more satisfied with their experience, possibly because there was no out-of-
pocket expense associated with their ED visit. 
It was difficult to determine whether the models, in fact, were able to predict patient 
satisfaction accurately, given that current data to validate the model was scarce and, for some 
models, not available.  In some instances, though the regression indicators showed a strong 
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model, the plot of predicted scores and actual scores indicated that a model with not so strong 
regression indicators was able to predict patient satisfaction scores more accurately.  In an 
attempt to further analyze each model’s predictive ability, each model was re-run removing one 
data point at a time.  The data point that was removed was then used to compute the predicted 
patient satisfaction score.  That predicted value was then compared to the observed patient 
satisfaction score.   Table 8 summarizes all models, their respective regression indicators, and the 





Table 8.  Regression model indicator summary 
 Modeling Approach 1 Modeling Approach 3 
Indicators  Model A Model B Model C Model D Model E Model F 
R-sq 96.1% 92.9% 94.2% 80.3% 94.1% 50.8% 
R-sq (adj) 87.7% 80.8% 84.3% 65.5% 66.8% 40.2% 
R-sq (pred) 24.4% 36.7% 44.7% * * * 
MSE 1.008 1.566 1.286 0.6276 0.604 1.089 
VIF Mean 17.32 12.73 13.62 2.44 6.15 1.06 
VIF Range 7.6 – 34.0 1.9 – 34.9 3.3 – 32.5 1.4 – 6.4 1.6 – 12.3 1.0 -1.1 
Prediction Error 2.42 2.40 2.07 1.97 4.93 1.20 
Constant Variance? Y Y Y N N N 
Residuals Normally Distributed? Y Y Y Y Y N 
 
  
It is important to note that, though the predicted errors in Table 8 are of similar 
magnitude for most models, modeling approach 1’s patient satisfaction scores range from 0 to 
100, while patient satisfaction scores in modeling approach range from 1 to 5.  Therefore, an 
average predicted error of 2 points is considered minimal in modeling approach 1, while an 
average predicted error of 1 point gives modeling approach 3 nearly no predictive ability.  
Modeling approach 1 shows a much smaller variation between actual scores and predicted 
scores, with an observed average patient satisfaction score of 74.3 and prediction intervals 
ranging from 66.1 and 74.5.  Though Model A has the highest R-square and adjusted R-square 
values of all models, Model C appears to be the one with best predictability, due to its relatively 
high predicted R-square and low prediction error.  Models D, E, and F, as previously mentioned, 
have no predictive ability, with very large MSEs and predicted errors.  Also, the non-constant 
variance of modeling approach 3, along with the large MSEs, produced very wide prediction 
intervals that are meaningless, as seen in the Modeling Approach 3 Validation section.   
Differences in modeling approaches might have also been due to the nature of the patient 
satisfaction data, being that modeling approach 1’s data had a more continuous behavior, since 
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patient satisfaction scores were an average of several patients’ ratings, while modeling 
approaches 2 and 3 used individual patient satisfaction scores, which are discrete in nature.  The 
non-constant variance of the residuals seen in modeling approaches 2 and 3 offers a clue to the 
issues caused by using discrete data. 
The experiment also had an issue with a small number of data points to develop the 
regression models themselves.  With a limited amount of data points, not all surrogate measures 
of interest were included in the model, and selection of which variables to include in the initial 
analysis was determined by choosing variables with significant correlation with patient 
satisfaction.  Modeling approach 2 was the only model that had a fairly good sample size to 
include all variables of interest, but analysis of the regression indicators showed that the model 
was of very poor quality.  Even with a limited number of data points, however, modeling 
approach 1 appears to explain at least 94% of variation in patient satisfaction, and validation 
results are very promising, given that more data points were available. 
 One of the many reasons for the differences in the models is how the patient satisfaction 
itself was measured.  A Wilcoxon Rank-Sum test was done to determine whether or not 
statistically significant differences between modeling approach 1’s survey technique and 
modeling approach 3’s survey technique existed.  If both survey techniques were similar, it 
would be logical to imply that the sample scores collected using each approach would fit the 
same probability distribution, since measures from both techniques came from the same 
population.  However, test results failed to accept the hypothesis that the probability distributions 
are the same (α=0.05), which means that, more than likely, the survey methods are different.    
Three different types of survey instruments were used to develop three distinct modeling 
techniques.  The survey’s administration mode might have played a role.  Research shows that 
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telephone surveys tend to have higher response rates (Walker et al., 1984), which is supported by 
evidence that the mean sample size for modeling approach 1, which was a telephone survey, was 
125 surveys per month, versus modeling approach 3’s mailed out survey, with a mean sample of 
18 surveys per month.  Modeling approach 2 had the highest number of completed surveys, 
which can be attributed to a) the short length of the survey and b) the personal interaction the 
patient had with the person collecting the survey.  The belief that time might have also played a 
role on the magnitude of patient satisfaction is present.  In Ley et al.’s study, patients who are 
surveyed either while at the hospital or several months after discharge show a higher satisfaction 
than patients who are surveyed just a few weeks after discharge.  Also, response format was 
different for all three modeling approaches.  Modeling approach 1 calculates the average patient 
satisfaction score by averaging all 30 questions’ responses.  Most questions used a 5-point Likert 
scale, with possible responses being “poor” (1), “fair” (2), “good” (3), “very good” (4), and 
“excellent” (5).  Modeling approach 3 also used a Likert scale; however, possible responses had 
distinct qualitative words assigned to them, with (1) being “very poor”, (2) being “poor”, (3) 
being “fair”, (4) being “good”, and (5) being “very good”.  A very good example of the bias in 
the response format would be a patient who defined his experience in the ED as a good one.  
Modeling approach 1’s survey would have had a score of 3, while modeling approach 3’s survey 
would have had a score of 4.  In other words, modeling approach 3 tends to overrate the patient’s 
response.  Modeling approach 2 had a one-question survey with a Likert scale ranging between 
zero and ten, with zero being a poor experience to ten being an excellent experience.  Only the 
extremity values had a description attached to the numeric rating, with ratings between 1 and 9 
being noted but not having a qualitative description assigned to it.  It is believed that surveys that 
only describe extremity values influence the respondent to select an answer closer to one of the 
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extremities.  Figure 40 shows that respondents of modeling approach 2 tended to choose a score 
on the high extremity of the survey, with 75% of the patients selecting either a 9 or a 10 on the 
Likert scale.  However, modeling approach 3 shows the same trend, as seen in Figure 41.  Even 
though all responses on the Likert scale had a qualitative word assigned to them, 72% of the 
patients selected one of the two highest values on the scale.  
 
Modeling Approach 2 Answer Frequency
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Figure 40.  Modeling Approach 2 answer frequency 
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Figure 41.  Modeling Approach 3 answer frequency 
  
 
Another point is that modeling having a five-point Likert scale versus a ten-point Likert 
scale might impact the overall response.  Patients with a positive experience might not give a 5 
on a 5-point Likert scale, since it was not a perfect experience, giving the hospital the second 
highest score on the scale, a 4 out of 5.  On the other hand, had the patient used a 10-point Likert 
scale, he would have most likely rated his experience in the ED as a 9 out of 10.  As seen, two 
patients feeling similarly about their experience might reflect an 80% approval versus a 90 % 
approval just due to scale differences. 
Because modeling approach 3 only used surveys from patients who opted to write their 
name, there is a possibility that patients who are willing to share such piece of information might 
rate their experience in the ED differently than patients who choose not to reveal their identity, 
which consequently raises questions on the validity of modeling approach 3’s models.  However, 
such hypothesis was rejected using the Wilcoxon Rank Sum Test, which showed that ratings 
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from patients who opted to write their name versus ratings from patients who chose not to 
disclose who they were had equivalent probability distributions. 
The results of modeling approach 2 were surprisingly poor, which raised questions on the 
validity of the surveys collected at patient’s time of discharge.  These surveys had an overall 
average score of 88, which appeared to be extremely high when compared to the new third-party 
survey organization’s average score of 73 for the same time period, and also when comparing to 
the average patient satisfaction scores collected by the old third-party survey organization, which 
had an average score of 71 for the January 2003 through March 2006 time frame.  It is important 
to note, however, that three entirely different survey tools were used to measure satisfaction, 
which, in return could have caused such drastic differences between scores.  Figure 42 illustrates 
patient satisfaction scores collected by the old third-party survey organization, the independent 
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Figure 42.  Hospital’s monthly satisfaction scores 
 
 
In order to collect a fairly large sample size, discharge registrars who were responsible 
for collecting the surveys were advised that whoever collected the highest number of surveys 
would be awarded a monetary award.  Such offer might have created a competition among 
discharge registrars, to the point of them potentially completing the surveys themselves.  
However, when looking at average patient satisfaction score by registrar, it was noticed that there 
was no evidence of a statistically significant difference among response rates for each registrar.  




Figure 43.  Patient satisfaction scores vs. registrar ANOVA 
 
 
There is also an issue of face-to-face interaction with the patient, as previously discussed.  
Discharge registrars might have felt intimidated by patients who were obviously upset with the 
outcome of their visit, or patients might have felt that the survey was not 100% confidential and 
were skeptical about providing an honest response.  That fear of non-confidentiality might have 
led patients to rate their ED experience higher than they would have, had they felt that their input 
was entirely confidential.  As seen in Figure 40, the great majority of the patients rated their visit 
in the ED as a 9 or higher, which signifies an excellent experience in the ED. 
 Modeling approaches 2 and 3 raised some very interesting points.  These two approaches 
were an attempt to predict patient satisfaction on a patient-level basis; however, once the model 
was complete and the predictor values were to be entered, there was uncertainty as to whose 
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values should be entered:  the person completing the survey for the patient, or the patient 
himself.  For instance, Model D lists gender and marital status as variables that have an impact 
on patient satisfaction.   The patient in this case is a two-year-old male infant who had been 
taken to the ED by one of his parents.  The survey is completed by the parent herself, since the 
infant is unable to do so.  When predicting satisfaction scores for this infant, whose gender 
should be considered in the regression model?  Whose marital status should the user select:  the 
patient’s or the parent’s?  It appears that patient-level models are not able to distinguish who 
completed the survey:  the patient himself or a family member or friend.  By using modeling 
approach 1, this problem can be avoided, since the independent variable in this modeling 
approach is the total number of patients in a given marital status category or the patient volume 
in an age category, avoiding the question of who completed the survey and minimizing such 
disturbance in the analysis. 
 Another important note to make is no differentiation was made on whether the discharge 
registrar attempted to collect patient’s financial responsibility prior to or after asking him to 
complete the survey.  That aspect of the visit might have had a tremendous impact on surveys 
that were collected at time of discharge.  The same rationale goes for patients who completed the 
telephone survey or the mailed-out survey; there was no way of determining whether or not the 
patient had already received a bill when the survey was completed, which could have created 
some differences in patient satisfaction scores. 
 91
CHAPTER FIVE: CONCLUSION 
As this research is completed, some very important conclusions can be drawn, based on 
the findings and difficulties that had to be overcome in order to complete it.  As these findings 
are revealed and confirmed, a plan on how to develop and implement a model to predict patient 
satisfaction in the ED using surrogate measures also needs to be developed in order to satisfy 
practitioners’ interest in applying these principles in their healthcare setting.   
 
Researchers’ Point of View on Findings 
 From a researcher’s point of view, several conclusions were drawn from this study.  
Other conclusions confirmed the already available literature on survey design and 
implementation.  They are listed below. 
1. It is possible to predict patient satisfaction using surrogate measures of interest, given the 
researcher has access to enough data to a) develop the model and b) validate the 
developed model.  This study lacked enough data points to include all surrogate measures 
of interest and provide a more thorough validation process, which resulted in three 
modeling approaches that attempted to predict three distinct patient satisfaction surveying 
techniques.  However, when looking at modeling approach 1, all regression model 
characteristics show an adequate model, and moreover, when looking at model 
validation, this approach was the most accurate at predicting patient satisfaction.  Based 
on this study, therefore, it is possible to predict overall patient satisfaction scores using 
surrogate measures of interest that are aggregated in monthly totals. 
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2. Modeling approach 1 is supported by literature in the following findings when it comes to 
patient satisfaction in the ED: 
a. Older patients seem to be more satisfied; 
b. Lower acuity patients seem to be less satisfied; 
c.  Longer lengths of stay and waiting times lead to less satisfied patients; 
d. Male patients tend to be less satisfied; 
e. White patients tend to be more satisfied; 
f. Asian and Pacific Islanders tend to be more satisfied. 
Other surrogate measures of interest not found in the current research were also found to 
have an impact on patient satisfaction: 
a. HMO Managed Care patients are less satisfied; 
b. Medicaid HMO patients are more satisfied; 
c. Young infants of ages ranging from 2 years old to 4 years old tend to be less 
satisfied; 
d. Hospital employees seeking treatment in the ED tend to be less satisfied. 
3. Since this study proved that patient satisfaction scores in the ED can be predicted, 
healthcare organizations could potentially eliminate costs associated with surveying 
patients through the use of a third-party organization.  Along with the model, the ED 
could use comment cards that are already available at time of discharge and filed 
complaints to address isolated incidents and determine if persistent trends on poor quality 
and behavior are present in the ED.  
4. Modeling approach 3’s regression models used a sample of 29 patients to develop three 
models.  However, the 29 patients were not representative of all surrogate measures of 
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interest.  For instance, no 24-hour or 48-hour re-admissions were observed, along with no 
self-pays.  Though the model could have given some insight on what has an impact on 
patient satisfaction, it cannot be considered an accurate study, since the sample is not 
representative of the population being studied. 
5. Different surveying techniques can produce very different patient satisfaction scores.  
Depending on delivery method, length of survey, timing, wording of questions, and the 
rating scale, two patients might give the same visit two very distinct scores.  It would not 
be feasible to develop a model using one survey instrument and attempt to validate it 
using a different survey instrument, as the survey techniques are different and might not 
be measuring patient satisfaction similarly.  Having said that, though building a 
regression model to predict satisfaction is possible, it is only as good as the patient 
satisfaction scores the healthcare organization is collecting.  Therefore, if a hospital is 
planning on developing such model, it is important that they use a reliable survey in order 
to develop a good model. 
6. It was seen that a single question on overall rating of care is highly correlated with the 
overall survey score, with scores being very similar in magnitude.  Therefore, there is a 
possibility that survey tools might be just as effective if less questions were asked, 
decreasing costs associated with labor and also potentially increasing patient response. 
7. An attempt to develop a model to predict patient satisfaction on a patient-level basis 
appeared to be ineffective, since the researcher might not have control over who is 
completing the survey.  An issue was raised when validating modeling approach 3, with, 
for instance, an infant being taken to the ED by his mother and the mother herself 
completing a mailed-out patient satisfaction survey.  Because all regression models being 
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developed in this research predict satisfaction based on socio-demographic 
characteristics, (along with other visit characteristics), the mother who submitted the 
survey on behalf of her child will rate her overall experience as a female who is of a 
certain age and certain marital status, and not as a single, male infant.  Problems with 
validation raised questions on the development of the model itself, since the independent 
variables of interest were the infant’s socio-demographic characteristics, and not the 
mother’s characteristics, raising multiple questions on the accuracy of whose satisfaction 
the model was trying to predict and the validity of the survey results. 
8. Predicting patient satisfaction using socio-demographic characteristics gives the hospital 
very little insight on what needs improvement, since senior management cannot control 
who walks in the ED.  The purpose of building this model was to predict and not improve 
patient satisfaction.  However, this finding might give healthcare administrators more 
insight on the fact that every patient has its own expectations and needs, and healthcare 
delivery needs to be offered on a case-by-case basis. 
   
Practitioners’ Point of View on Findings 
 From a practitioner’s point of view, it is necessary to summarize the findings of this 
research into an action plan that details the transition from collecting and summarizing survey 
responses to determine the level of patient satisfaction to developing a model to predict patient 
satisfaction scores in the ED.  The following bullets list the steps a healthcare administrator 
needs to take into consideration when going through this transition in order to succeed in 
implementing this research idea in his healthcare setting. 
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1. As previously mentioned, in order to develop a regression model to predict patient 
satisfaction scores in the ED, it is crucial that the patient satisfaction data that will be 
used to develop the model be as reliable as possible.  Because findings in this research 
have shown that a single question on overall rating of care is highly correlated with the 
overall patient satisfaction survey score, it is recommended that a shorter survey be 
implemented to collect patient satisfaction scores.  Shorter surveys will lead to higher 
response rates, giving the practitioner a larger sample size.  It is also recommended that 
this survey be administered via telephone approximately 7 days after discharge, given 
that the face-to-face interaction between the patient and the survey administrator might 
have an impact on how the patient rates his experience in the ED.  Using an automated 
telephone operator to collect the data via telephone can minimize the bias caused by 
different individuals collecting the data. 
2. Before collecting patient satisfaction data, it is necessary to validate the survey tool to 
ensure that the regression model that will be developed is as reliable as possible.  A good 
measure of survey internal consistency, for instance, is the Cronbach’s alpha. 
3. To develop a good regression model, it is necessary to have as many data points as 
possible.  It is important that the survey be collected for at least three years in order to 
guarantee a good model, and it is important to collect as many surveys as possible on a 
monthly basis.  It is recommended that at least 125 patient satisfaction surveys be 
collected monthly. 
4. Once the survey tool is developed and administered, survey scores should be summarized 
as monthly averages, since this study has shown that average patient satisfaction scores 
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provide a better regression model, due to the continuity of the data and the presence of 
multiple patient satisfaction scores in one summarized average data point. 
5. Once monthly patient satisfaction scores are collected for 36 months, the practitioner is 
ready to develop a regression model using surrogate measures.  It is recommended that 





e. Marital Status 
f. Age 
g. Financial class 
6. Once the regression model is developed, it needs to be validated.  It is recommended that 
the practitioner collect monthly patient satisfaction scores for 12 additional months and 
use the developed regression model to predict the observed monthly averages.  If it is 
proven that the model is, in fact, able to predict monthly average patient satisfaction 
scores with an acceptable prediction error, the practitioner is ready to eliminate the 
telephone survey and start using the surrogate measures included in the regression model 
to predict average monthly patient satisfaction scores in the ED. 
 
Though it appears that hospital administrators might be making a relatively large up-front 
investment in order to collect the data that will be used to develop the multiple regression model, 
implementing a validated model will eliminate all costs associated with either hiring a third-party 
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organization to conduct and analyze surveys.  Also, by decreasing the number of questions being 
asked while collecting the patient satisfaction scores for model development, the hospital might 
experience a decrease in costs associated with surveying customers, while still hiring a third-





CHAPTER SIX:  FUTURE AREAS OF RESEARCH 
 As new discoveries are made, more questions are raised, leading to future areas of 
research that will enrich this study and provide the current literature with more accurate answers 
to this research study. 
 
1. Variables such as religion, discharge disposition, and arrival mode to the ED might have 
provided good insight on what impacts a patient’s experience in the ED, though they 
were not included in this study.   
2. Since it was determined that it is possible to predict patient satisfaction in the ED using 
surrogate measures, further investigation should be done to determine if the same frame 
of mind is applicable in other healthcare departments, such as inpatient units, Radiology, 
and Laboratory. 
3. Further research should be conducted to determine the root cause of differences in 
satisfaction levels for different socio-demographic groups.  For instance, since it was 
found that males generally tend to be less satisfied with their experience in the ED, it 
would be interesting to determine what aspect of gender makes a male experience 
different than a female experience in the ED. 
4. While conducting this research, a question was raised on whether or not the patient had 
already received a bill prior to completing the survey.  That aspect of the patient’s 
experience with his visit in the ED should not be disregarded, and further research should 
be done to determine whether or not this has an impact on overall patient satisfaction.  
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5. Further research needs to be conducted on whether a prior experience in the ED has any 
impact on the next ED visit.  It could be that previously being seen in the ED might allow 
the patient to set expectations on waiting time, length of stay, and what the course of 
treatment will be.  The pre-existing expectations might affect how the patient rates his 
experience, based on how the outcome of visit matches the patient’s expectations.  
6. Further research should be conducted to determine if increasing patient satisfaction does, 
in fact, increase volume in the ED.  Though the hospital under study shows relatively low 
and steady patient satisfaction scores, patient volume seems to increase steadily, raising a 
question on the relationship between these two variables and on how much effort 
healthcare administrators should put into improving patient satisfaction in the ED.  
 


















































































































 APPENDIX:  EIGEN ANALYSIS 
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Matrix of Eigenvectors 
 
-0.000320  -0.000486   0.000421   0.000672  -0.000181  -0.000562   0.000527 
-0.001208   0.000445  -0.003012   0.001508  -0.006140  -0.003622   0.002622 
-0.000270   0.000977  -0.002131   0.001624  -0.003423  -0.001418   0.005018 
-0.320337   0.590291  -0.706887   0.037238   0.041163  -0.081303  -0.077252 
-0.405010   0.002682   0.089922  -0.665013  -0.522932   0.187811  -0.082905 
-0.001287   0.007613   0.015238  -0.019089   0.016471   0.011165   0.044156 
-0.620126  -0.638906  -0.212155   0.309681   0.004677   0.056519   0.135312 
-0.556157   0.273358   0.501258   0.147967   0.303360  -0.312143  -0.199559 
-0.084807   0.340667   0.378494   0.384834  -0.335967   0.317284  -0.034141 
-0.057790   0.205337   0.061461   0.125097   0.049192   0.399531   0.712898 
-0.042123   0.003473  -0.105351  -0.008236  -0.085652   0.224561  -0.176698 
-0.031955   0.037455  -0.128188   0.269916  -0.230186   0.102531   0.091326 
-0.017839   0.025694  -0.067652   0.076668  -0.075320  -0.016073   0.053766 
-0.005350  -0.014972  -0.006156   0.001115   0.014354   0.039402   0.034724 
-0.104627   0.009158   0.033986  -0.242739   0.561054   0.640002  -0.176213 
-0.120786   0.086469   0.101356  -0.353276   0.098989  -0.339743   0.579101 
-0.002114  -0.002120  -0.013099  -0.020695  -0.051941   0.078690   0.046532 
-0.013289   0.017488   0.058133   0.100479  -0.257969  -0.042501  -0.054592 
-0.009464  -0.013267   0.039363   0.037511  -0.239075   0.035736  -0.049405 
 
-0.000195  -0.001551  -0.000737   0.000054   0.001234   0.004945   0.001671 
-0.004249  -0.018897   0.013911  -0.000397   0.002475   0.015588   0.024147 
 0.000398  -0.011933   0.005352  -0.002603   0.002319  -0.002233   0.012339 
-0.080095   0.134498   0.011067  -0.078723  -0.037295   0.007982  -0.011473 
 0.200770   0.011734   0.145005  -0.026482  -0.008207  -0.047059   0.067832 
 0.032286  -0.031906   0.085025  -0.029628  -0.130581  -0.001172  -0.070573 
-0.155668   0.087357   0.045267  -0.101640   0.014011  -0.000618  -0.007254 
 0.268419  -0.122600  -0.134580   0.076305  -0.021342  -0.001173  -0.044174 
-0.487020   0.043272   0.276158  -0.213342   0.086927   0.022639   0.035540 
 0.405980   0.102903  -0.212120  -0.127175  -0.039818  -0.054429   0.016141 
-0.176381  -0.612431  -0.584543  -0.126192   0.182272  -0.116196  -0.000828 
 0.131619  -0.484537   0.237617   0.632559  -0.308775  -0.066223   0.060439 
 0.172015  -0.022864   0.122095   0.279274   0.783717   0.471835   0.024494 
 0.054677  -0.098948  -0.197633  -0.171803   0.152815  -0.010409   0.537666 
-0.203153   0.106664   0.040215   0.323784  -0.013553   0.087535  -0.001520 
-0.559118  -0.167390  -0.042790   0.183202   0.029918   0.059560  -0.007882 
 0.049431  -0.088525  -0.023560  -0.056594   0.208261  -0.188556  -0.811339 
-0.118292   0.507404  -0.440483   0.495309   0.139984  -0.412992   0.051313 
-0.050929   0.142394  -0.424068   0.062261  -0.376174   0.732136  -0.178083 
 
-0.000925  -0.035192   0.093087  -0.265826   0.958853   
-0.032271   0.245645  -0.963014  -0.021450   0.096378    
 0.018649   0.086337   0.016938  -0.959948  -0.264619   
 0.029402   0.017168   0.003934   0.001966   0.001542 
-0.016169  -0.026477  -0.002727  -0.000929  -0.000322 
-0.289163   0.903899   0.241129   0.071601   0.029651   
-0.017078   0.003524   0.002675   0.000622  -0.000521 
 0.008859  -0.001442  -0.004441  -0.001883  -0.000663 
 0.019348   0.007522   0.008609   0.003852   0.000281 
-0.130845  -0.075782  -0.022146  -0.007478  -0.002613 
-0.294729  -0.024959   0.005797  -0.002359  -0.003267 
 0.155381  -0.010166   0.006118   0.009552   0.001697 
-0.120782   0.060388   0.031698   0.006639  -0.002615 
 0.720279   0.279694   0.060319   0.043829   0.015883 
 0.076382   0.025654  -0.002089  -0.003094   0.000776 
 0.040869   0.002843   0.006672   0.004662  -0.000263 
 0.473605   0.112118  -0.007977   0.008435   0.009685 
-0.027417   0.101334   0.007891  -0.000110   0.005052 
 0.138011   0.031879   0.002183  -0.002384  -0.002711 
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